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Abstract
Strategies employed by criminal justice agencies to reduce offending often focus on deterrence,
with policies relying on the threat of punishment to discourage individuals from crime. However,
such strategies will fail if individuals do not fear these consequences, or when potential rewards
of offending outweigh the risks. According to life history theory, adolescents with a dangerous or
unpredictable childhood environment discount the future and engage in risky behaviors because
they have little to lose. Many adolescents embody this “live fast, die young” mentality,
particularly those already at risk of delinquency due to other factors. The scientific literature
refers to this mindset as fatalism, future discounting, or anticipated early death (AED). Despite
the indication that AED is a crucial correlate of delinquent activity, only recently have
criminologists begun to directly examine the relationship. To address this gap in the literature,
this dissertation analyzes two longitudinal datasets. One dataset, the National Longitudinal Study
of Adolescent Health (Add Health), offers a nationally representative sample, while the
Rochester Youth Development Study (RYDS) provides a sample of at-risk youth in Rochester,
New York. Structural equation modeling quantifies adolescent AED in each dataset. The use of
two data sources strengthens the reliability and validity of the latent variable’s measurement. I
study the effects of the latent AED measures on adolescent violence and gang activity, finding
that higher levels of AED correspond to a greater likelihood of violence and gang activity, with
the relationships often mediated by low self-control. In an attempt to determine the causal
ordering of AED and risk-taking behaviors, I exploit the longitudinal nature of the RYDS data by
estimating autoregressive cross-lagged panel models. Findings lend support to life history
theory’s assumption that AED predicts risk-taking behavior; I find little evidence that violence or

gang activity cause AED.
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At the individual psychological level, youths with depression (Tillyer, 2015), low self-
esteem (Duke, Borowsky, et al., 2011; Duke et al., 2009; Duke, Skay, Pettingell, & Borowsky,
2011), or decreased levels of connectedness to their families, schools, peers, and communities
(Bolland et al., 2005; Caldwell et al., 2006; Duke et al., 2009) are more likely to anticipate an
early death. In the dissertation, depression, low self-esteem, low attachment to parents, and low
connection to school are operationalized in the first-order factor analysis in the measurement
model.

As Table 3.2 demonstrates, the depression construct factor analyzes 18 individual items.
The items have a Cronbach’s o of .86, indicating that the items measure the same concept
(Cortina, 1993). The Add Health depression items are very similar to the RYDS items (Appendix
A). Scales created from the items in each dataset have a long history of use in prior research. The
same is true of the low self-esteem items, which have a similarly high Cronbach’s a (.83) in the
Add Health data.

With 11 varying items, the RYDS contains more questions relating to parental attachment
(Appendix A). However, the four items in the Add Health survey perform sufficiently well
(o =.74) in measuring subjects’ feelings of closeness and attachment to their parents. The final
individual psychological measure, low school connection, also includes only four items in the
Add Health data. A scale containing these items doesn’t perform as well as the others discussed
thus far; the Cronbach’s a for these variables is .69, just below the commonly-used .70 threshold.
This is due to the item regarding one’s desire to attend college; an overwhelming majority of the
Add Health sample (72%) expressed a strong desire to attend college. Removing this question
would increase the alpha to .78. However, because this item measures anticipation of future

events, it is important to include in the model.
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On a related note, poor academic performance is also linked to AED as an indicator of
future opportunity for conventional success (Caldwell et al., 2006; Duke et al., 2009).
Measurement of this variable differs between the two datasets I use. In the Add Health data, I
measure poor academic performance by factor analyzing subjects’ grades in English, math,
science, and social studies (o =.75). In the RYDS data, this is measured using subjects’ official
math scores on the California Achievement Test (CAT). Specifically, the variable represents the
reverse-coded percentile, so low-scoring individuals rate highly on this measure of poor
academic performance. This variable was chosen because RYDS researchers have employed it in
the past and found that math performance was a somewhat better predictor of delinquency than
was the CAT reading score (Thornberry et al., 2005).

Scholars have also linked some family characteristics to AED. Tillyer (2015) and
Borowsky and colleagues (2009) found that adolescents whose families received public
assistance were more likely to anticipate an early death, and other studies have found that
adolescents with unemployed parents are more likely to expect to die early (Duke et al., 2009;
DuRant et al., 1994). These two variables are measured in both Add Health and RYDS with
binary variables. In both samples, 6% of the subjects’ parents reported unemployment at the time
of the interview. The datasets differ, though, on public assistance receipt. Whereas only 10% of
the Add Health subjects reported that their parents received some form of public assistance,
nearly half (44%) of the RYDS participants reported the same. This is likely a function of each
project’s respective sampling procedure. Add Health assembled a nationally representative
sample while RYDS focused on youth at risk of delinquency, based on adult resident arrest rates
by census tract. Due to the interrelated nature of offending and poverty, a greater proportion of

the RYDS participants receive public assistance.
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Most studies of AED operate at the individual level, but community characteristics may
influence fatalism as well. In a study conducted at the neighborhood level, Wilson and Daly
(1997) concluded that low life expectancy in the neighborhood resulted in residents discounting
the future. Similarly, those who live in neighborhoods with physical and social disorder
anticipate dying at young ages (Piquero, 2016). For these reasons, I include a measure of
negative neighborhood environment. The Add Health data contain an item measuring how safe
the subject feels in his or her neighborhood; this is employed here as a dichotomous variable
coded 1 if the respondent reports living in an unsafe neighborhood. The RYDS data contain
many more neighborhood variables. Here, I factor analyze 17 items about neighborhood
disorganization to create the negative neighborhood construct in the RYDS first-order factor
analysis (see Appendix A). These items have some limitations — questions were only asked of the
participants’ parents (G1ls), so they are not respondents’ self-reports. Also, the questions were
asked only if the parent reported having moved to a new neighborhood since the last interview.
For waves at which the neighborhood questions were skipped because the family had not moved,
the previous wave’s responses are carried over.

The variables described in this section are ones that prior research has shown to be
related to AED. Additionally, they are concepts for which the Add Health and RYDS datasets
have comparable measures. This allows me to estimate the measurement models with confidence
that I am quantifying the same construct in both datasets.

In addition to AED, I include measures of low self-control to test whether it mediates the
relationship between AED and risky behavior. Low self-control is a strong predictor of
delinquency for both males and females (LaGrange & Silverman, 1999). It is also related to risky

sexual behavior for both sexes, although females generally have higher levels of self-control —
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and, consequently, lower levels of risky sexual behavior — than males (Hope & Chapple, 2004). I
create a latent measure of low self-control using first-order factor analysis in both the Add
Health and RYDS datasets. The six questions included in the RYDS measure were asked only at
wave 10, when subjects were about 21 years old. Given the declaration by Gottfredson and
Hirschi (1990) that self-control is a stable characteristic, it is appropriate to use this measure
throughout the analyses. The Add Health measure of self-control emulates one created for use in
the Add Health data by Perrone and colleagues (2004). Both datasets’ self-control measures
emphasize temper and impulse control.

The final section of Table 3.2 describes violence prevalence, the only observed measure
that serves as a dependent variable in the Add Health structural models. This is a binary variable
coded 1 if a participant reports having engaged in at least one of five behaviors: using a weapon
in a fight; taking part in a serious physical fight; taking part in a fight where a group of the
respondents’ friends was against another group; using or threatening to use a weapon to get
something from someone; physically forcing someone to have sex against her will (this question
was asked of males only). The mean of this variable is .30, indicating that 30% of the sample
report engaging in at least one violent behavior at Wave IL.

Because I use RYDS to estimate the bulk of the structural models, there are several
dependent variables in the RYDS data (Appendix A, Appendix B). Violence prevalence
measures whether one reported engaging in at least one violent behavior (i.e., hitting someone
with the idea of hurting them; attacking someone with the idea of seriously hurting or killing
them; involvement in gang fighting; throwing objects at people; using a weapon or force to get
something from someone; physically hurting or threatening to hurt someone to get them to have

sex) at wave 2. Similarly to the Add Health data, 28% of the sample reports engaging in at least
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one violent behavior at wave 3. Prevalence of violence declines over time; just 13% of RYDS
participants report any violence at wave 9 (age 18).

To better measure seriousness of violent offending, I examine whether AED impacts the
variety of violent acts in which one engages. Klein (1995) and others (e.g., Melde & Esbensen,
2013; Thornberry et al., 2003) have found that adolescent offenders and gang members in
particular are more likely to show versatile (“cafeteria-style”) offending patterns than
specialization in one type of crime. Violence variety is a count of how many different types of
violent behaviors a subject reported engaging in at each observation period. For example, a
subject who threw objects at people and took part in gang fighting is coded 2. The variable mean
of 0.42 indicates that, on average, respondents engage in few different types of violent crime at
wave 3 — most do not report any acts of violence.

Gang membership is measured at each wave with a question asking if the participant was
a member of a street gang or posse since the last interview. This dichotomous variable’s mean of
.12 indicates that 12% of the RYDS sample report gang membership at wave 3. Participation in
gangs declines as the sample ages — at wave 2, when the gang question is first asked, 14%

(N = 116) report gang involvement. The number falls to 3% (N = 28) by wave 9.

Nearly a third of RYDS participants report gang membership in at least one interview
(N =231, 29%). However, of those who are gang-involved at any time, most are in the gang for a
short period. Gang duration is equal to the summed number of waves at which one reports gang
membership. The descriptive statistics for this variable presented in Appendix B represent the
entire RYDS sample; the mean of 0.62 indicates that on average, subjects report little or no gang
involvement. The mean number of waves of gang membership is 2.16 amongst gang-involved

members of the RYDS sample, indicating that most gang members spend only about two waves
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in the gang. This demonstrates that gang membership is not a lifelong commitment for RYDS
youths.

The final dependent variable in the RYDS data is stability of gang membership. This
variable includes four categories: nongang youth; short-term gang members; intermittent gang
members; long-term gang members. Nongang youth report no gang membership at any point
from waves 2 through 9. Short-term gang members report gang membership only at one
observation period. Long-term gang members report multiple consecutive waves of gang
membership, and do not report leaving the gang more than once (that is, once they leave the gang
they do not rejoin). The category for intermittent gang membership includes those respondents
who report gang membership at multiple waves, but with a break in between. In its battery of
gang questions, the RYDS survey asks whether the respondent is still in the gang. Individuals are
coded as intermittent gang members if they report gang membership in nonconsecutive waves or
if they say they have left the gang, but report gang membership at a subsequent wave.

Most RYDS participants (71%) are never in a gang. Of those who are, most report gang
membership during a single observation period. Just 6% (N = 48) of the total RYDS sample are
long-term gang members; the average number of waves in the gang for this category is 2.58.
Surprisingly, the 82 intermittent gang members report more gang involvement than the “long-
term” gang members — an average of 3.35 waves. This indicates that those who repeatedly join
gangs may ultimately spend more time in the gang than those who join the gang for one lengthy
period.

Missing Data and Structural Equation Modeling
Item response rates are high for both the Add Health and RYDS datasets. In the Add

Health data, most items in the analysis are missing data for 0 to 2% of cases. A few variables are
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missing data for many cases, though. In particular, at both waves, the two variables measuring
attachment to the respondent’s father are missing 26% to 27% of cases. The academic
performance indicators are also missing data — up to 12% at Wave I and up to 22% at Wave II.
This is expected as respondents age out of the education system. The other variable missing over
10% of cases is parent unemployment, for which 11% of cases are missing.

For the RYDS data, item response rates are high and attrition is low. In a study of
attrition in the RYDS sample, Krohn and Thornberry (1999) found no significant differences
between subjects retained by Wave 10 compared to those who had ceased to participate in the
study. Additionally, Krohn and Thornberry found that the retention rate by Wave 10 was 87%,
quite high for such an intensive longitudinal study of an at-risk population. This is important to
note because this dissertation uses data from nine waves, spanning about four years.

As in the Add Health data, most items in the RYDS analysis are missing data for 0 to 2%
of cases. The items measuring school connection have the largest amount of missing data,
increasing as the individuals age. In wave 2 (about age 14.5), less than 1% are missing data on
the school items but by wave 8 (age 17.5), 20% of cases are missing. The items measuring
academic performance also have an increasingly large amount of missing data — 14% at wave 2,
up to 43% at wave 8.

Available case analysis with robust weighted least squares.

I use the Mplus 5 statistical program to estimate structural equation models. Because
most variables in my models are categorical, the program employs a mean- and variance-
adjusted weighted least squares (WLSMV) estimator that Muthén and colleagues (1997)
recommend for large latent variable analysis models with categorical measures. This approach is

preferred over traditional weighted least squares (WLS) because this specification uses a
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diagonal weight matrix with standard errors that use a full weight matrix (B. O. Muthén, du Toit,
& Spisic, 1997). It produces robust standard errors and allows for chi-square model testing.
Muthén and colleagues (1997) found that WLSMV performs as well as a generalized estimating
equation (GEE) approach, but demands much less computational time and effort.

In a model with no covariates (e.g., the models estimated in this dissertation), WLSMV
uses a two-stage process that is equivalent to available case analysis (L. K. Muthén & Muthén,
2012). In other words, cases with missing data are kept and used in all analyses except those
requiring the specific variables that are missing. Only subjects with data missing on all variables
are deleted from the analysis.'® Pairwise present analysis can yield biased estimates, but Graham
(2009, p. 554) reported that “the biases tend to be small in empirical data.” Asparouhov and
Muthén (2010) found that WLSMYV produces unbiased results for both the parameter estimates
and the standard errors when the data are missing completely at random.

In addition to concerns about bias, another potential problem with available case analysis
is that, because the correlations are based on different subsamples, the covariance matrix is
sometimes not positive definite, meaning that the analysis cannot be completed (Graham, 2009).
This occurs when the matrix cannot be inverted or when the determinant of the matrix is zero; it
can be caused by collinear observed variables (Schumacker & Lomax, 2010). Fortunately, Mplus
returns an error message if the covariance matrix is not positive definite; this is not a problem in
the dissertation analyses.

The ideal way to manage missing data in both the Add Health and RYDS datasets would
require structural equation modeling with maximum likelihood (ML) estimation. This method

produces consistent and efficient estimates (Allison, 2003). Alas, ML estimation in Mplus 5 is

16 In this dissertation, only one case was deleted (from Add Health, Wave 1) due to missing data on all
variables.
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not possible for models that test indirect effects, as I do. Moreover, the models I estimate are too
computationally intensive for Mplus to accommodate with ML, even without indirect effects.
Another common technique for dealing with missing data is multiple imputation, which “has
statistical properties that are nearly as good as maximum likelihood” (Allison, 2003, p. 81).
Beginning with version 6, Mplus offers the capability to conduct multiple imputation of data
prior to WLSMYV analysis. Regrettably, I only have access to Mplus 5. Given these limitations in
the available statistical software, pairwise deletion is the best way to manage missing data in this
project.

Summary

This chapter has provided a general overview of the data and analytical techniques I use
in this dissertation. To meet my first project objective of creating a novel measure of anticipated
early death, I employ data from the National Longitudinal Study of Adolescent Health as well as
the Rochester Youth Development Study. Using comparable variables in the two datasets, I
estimate second-order factor analyses to create latent measures of AED.

To achieve the second project objective, I estimate structural equation models to explore
the relationships between AED and risk-taking behaviors. Specifically, the models measure the
ways in which AED directly and indirectly (via low self-control) impacts violent offending and
gang activity.

The final project objective is realized by estimating autoregressive cross-lagged panel
models using eight waves of the RYDS data, spanning ages 14.5 to 18. I conduct these analyses
with a goal of determining whether AED precedes risk-taking behavior (because individuals feel
they have nothing to lose) or if risky behavior precedes AED (likely because engaging in

dangerous activity contributes to one’s expectation of an early death).

56



I describe the measures and analyses in greater detail in the results chapters, beginning

with the measurement models in Chapter 4.
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Table 3.1. Demographic Statistics for Add Health and RYDS Samples

Add Health RYDS

N 3843 804

Percent Male 46 72

Percent Female 54 28

Percent White 66 15

Percent Black 23 69

Percent Hispanic 114 16

Percent Native American 2 ---

Percent Asian 4 ---
Mean Range Mean Range
(SD) (SD)

Age (first wave) 15.10 11.0-21.0 1443 11.9-16.2
(1.62) (0.77)

Age (last wave) 2143 18.0-27.0 17.88 153-19.9
(1.30) (0.80)

¢ Although the other four race categories in the Add Health data are mutually
exclusive, “Hispanic” is measured separately as an ethnicity. It is therefore
possible for subjects to report being Hispanic and also being white, black,
Native American, or Asian. This is why the Add Health race/ethnicity
percentages sum to 106.
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Table 3.2. Add Health Observed Variables Descriptive Statistics, Wave I

N Mean SD Range

6S

AED direct measure
What do you think are the chances that you will live to age 35? (R) 3829 1.61 085 1-5

Indicators in First-Order Factor Analysis
Depression [o.= .86]

You were bothered by things that usually don't bother you. 3836  0.47 0.67
You didn't feel like eating, or your appetite was poor. 3839 045 0.70
You felt that you could not shake off the blues, even with help from your family and your friends. 3837 0.36  0.68
You felt that you were just as good as other people. 3836 1.06 1.01
You felt depressed. 3836  0.49 0.73
You felt that you were too tired to do things. 3838 0.72 0.74
You felt hopeful about the future. (R) 3832 1.16 0.99
You thought your life had been a failure. 3835 0.19 0.52
You felt fearful. 3837 032 0.57
You were happy. (R) 3838 0.85 0.79
You talked less than usual. 3839  0.55 0.74
You felt lonely. 3836 0.44 0.70
People were unfriendly to you. 3838  0.40 0.63
You enjoyed life. (R) 3838 0.74 0.85
You feltsad. 3839 0.55 0.68
You felt that people disliked you. 3837 0.42 0.66
It was hard to get started doing things. 3838  0.59 0.65
You felt life was not worth living. 3836  0.15 0.47

SO OO OO OO OO OO OO O OO
1
L LW LW LW LW W W W W W W W W W WWWwWw

Low self-esteem [0 = .83]

You have a lot of good qualities. (R) 3833 1.73  0.66

You are physically fit. (R) 3834 2.11 0.92

You have a lot to be proud of. (R) 3833 1.68 0.70

You like yourself just the way you are. (R) 3836 2.01 0.96
You feel socially accepted. (R) 3833 191 0.76

You feel loved and wanted. (R) 3836 1.69 0.70

ek ek e ek

DN D D D D D
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N Mean SD Range
... Table 3.2 continued...
Low attachment to parents [o. = .74]
How close do you feel to [mother]? (R) 3666 143 0.76 1-5
How much do you think she cares about you? (R) 2799 1.14 047 1-5
How close do you feel to [father]? (R) 3668 1.69 094 1-5
How much do you think he cares about you? (R) 2799 1.23 0.60 1-5
Low school connection [a.= .69]
You feel close to people at your school. (R) 3781 225 098 1-5
You feel like you are part of your school. (R) 3783 2.13 1.00 1-5
You are happy to be at your school. (R) 3781 229 1.13 1-5
How much do you want to go to college? (R) 3829 1.53 099 1-5
Poor academic performance [o. = .75]
At the most recent grading period, what was your grade in English or language arts? 3687 2.14 095 1-4
At the most recent grading period, what was your grade in mathematics? 3627 228 1.03 1-4
At the most recent grading period, what was your grade in history or social studies? 3401 2.05 1.00 1-4
At the most recent grading period, what was your grade in science? 3455 2.10 099 1-4
Parental unemployment
[Parent report] 3436 0.06 024 0-1
Public assistance receipt
Does [mother/father] receive public assistance, such as welfare? 3771 0.10 030 0-1
Negative neighborhood environment
Do you usually feel safe in your neighborhood? (R) 3831 0.10 030 0-1
Low self-control [mediator] [a. = .70]
You had trouble keeping your mind on what you were doing. 3837 0.80 081 0-3
You feel like you are doing everything just about right. (R) 3835 224 088 1-5
Since school started this year, how often have you had trouble:
Getting along with your teachers? 3783 093 1.00 0-4
Paying attention in school? 3783 1.21 1.02 0-4
Getting your homework done? 3783 1.14 1.06 0-4
Getting along with other students? 3783 0.89 096 0-4
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N Mean SD Range

... Table 3.2 continued...
Dependent Variable *

Violence Prevalence
[Subject reports engaging in at least one of five violent behaviors — see Appendix A] 3836 030 046 0-1

“ Dependent variable is measured at Wave II.

(R) =reversed item
Note: For dichotomous variables, the mean presents the percentage of respondents coded 1 on that variable. For example, the mean

of “unsafe neighborhood” is 0.10, indicating that 10% of the respondents felt that they lived in an unsafe neighborhood.



CHAPTER 4
Measurement of Anticipated Early Death

I begin the analysis by measuring anticipated early death and its effects on the dependent
variables using structural equation modeling. Within a single model, SEM allows one to
hypothesize how constructs are defined by sets of variables, and how these latent measures relate
to one another, while accounting for measurement error in the latent constructs (Schumacker &
Lomax, 2010). As Figure 4.1 illustrates, the model I estimate consists of a second-order factor
analysis to measure AED, as well a structural component wherein I measure the effects of AED
on the outcome variables. Using SEM, I test the theoretical model and determine the degree to
which the model is supported by data from two contrasting samples. To accomplish this, [ use
the Mplus 5 statistical software package (L. K. Muthén & Muthén, 2007).

The use of Mplus for SEM is especially beneficial for the purposes of this dissertation
because, unlike many other SEM programs, Mplus allows estimation of models with non-
normal, non-continuous, and missing data (Muthén & Muthén, 2012, p. 7). Because most
variables in my models are categorical, the program utilizes a robust weighted least squares
(WLSMYV) estimator that Muthén and colleagues (1997) recommend for large latent variable
analysis models with categorical measures. The WLSMYV estimator produces robust standard
errors and allows for chi-square model testing.

The observed variables used in the second-order factor analysis are described in

Chapter 3, Table 3.2, and Appendix A.
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Add Health

As described in Chapter 3, I first estimate the structural equation models for the Add
Health data. To measure AED in Mplus, I conduct a second-order factor analysis, wherein the
components of the AED factor variable are themselves factor variables. Figure 4.1 illustrates this
process for both Add Health and RYDS.

Appendix A supplies a list of variables used in the study, describing the measures in each
dataset. Table 3.2 provides descriptive statistics for the observed variables used in the
measurement of the AED components (i.e., the first-order factor analyses), described in the prior
section. The process of using two longitudinal datasets to factor analyze a latent variable presents
the challenges of matching variables in both datasets and matching across waves within the
datasets. The variables included in this study are selected based on the AED literature and with
the goal of inclusion of similar measures from both datasets. Each dataset lacks some measures
that likely predict AED — for example, the Add Health data do not include community Census
measures and the RYDS data contain no victimization information. For the dissertation analysis,
I use factor variables in both datasets created with identical or similar measures — that is, factor
analysis in each dataset is limited by availability of measures in the other dataset.

Second-order factor analysis exemplar.

The second-order factor analysis allows me to create a latent construct of AED by
measuring the shared variance in several correlates of AED, as illustrated in Figure 4.1. For this
measurement step, I use the Mplus 5 structural equation modeling program. The first-order
model factor analyzes several observed variables to measure latent constructs: depression, low

self-esteem, low attachment to parents, low school connection, and poor academic performance.
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These factor variables are then themselves factor analyzed to create a second-order latent
construct: anticipated early death.

To estimate the model, I begin by including in the second-order factor analysis all
variables available in both the Add Health and RYDS datasets and also linked to AED in the
literature. I then modify the model to better specify measurement of the latent variable: with each
iteration, I remove the variables with factor loadings of less than .30 because a loading below
this cutoff value indicates that less than 10% of the measure’s variance is due to the latent
variable (Rummel, 1967).!7 Researchers often use the loading cutoff value of .30 for this reason.
All of the observed variables in the first-order factor analysis component of the model easily
meet the .30 cutoff, so none are removed from the model.'® This is expected given that the
variables included in the measurement of the individual components are drawn from previous
research using each dataset. In a typical regression analysis, the individual components would be
measured by scales including the items used here.

Table 4.1 illustrates the variable narrowing process undertaken to create the best
measurement of AED. Model 0 includes Add Health’s direct AED measure, the “die by age 35”
variable. This is done to ensure that it loads strongly with the other variables, indicating that the
variables in the model are in fact related to AED as it is explicitly measured. The standardized
coefficient for the direct AED measure is .42, indicating that 18% of the variation in the direct
AED measure is due to the unobserved factor variable (.42% = .18). Model 1 contains the same

variables as Model 0, except that the “die by 35 measure is removed so the latent variable

17 Post hoc model modification capitalizes on chance and, due to the data-driven nature of the model, may
result in a model that is not generalizable (Weston & Gore Jr., 2006). However, because modifications are
limited to those that are theoretically acceptable, because I will next use the latent variable as an
independent variable in further models, and because I will replicate analyses with a second, very different,
sample, post hoc modification is appropriate here.

18 The results of the first-order factor analyses are not displayed here, but are available upon request.
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measurement can begin in earnest. In Model 1, only parent unemployment fails to meet the
loading cutoff value of .30. With a loading of just .16, only 3% of the variation in parent
unemployment is due to the latent variable. To begin the iterative model-narrowing process, I
remove parent unemployment. Without this variable, the coefficients in Model 2 largely remain
the same; the smallest loading of the remaining variables is .33, for unsafe neighborhood,
indicating that 11% of the variance in the neighborhood variable is due to the latent measure. All
variables in Model 2 meet the criteria, so no further restriction is necessary for Add Health’s
Wave I data. In the final model, low self-esteem is the most strongly related to the latent AED
measure, with its loading of .80 indicating that 64% of the variation in low self-esteem is
accounted for by the latent variable.

The model fit statistics suggest that the model is an acceptable fit for the data. The
value of 4866 is significant, indicating that the model does not perfectly fit the data. However,
the ¥ test is sensitive to sample size and consequently almost always rejects the model
(Iacobucci, 2010), so a significant x> value alone does not warrant dismissal of the model. The
Tucker-Lewis index (TLI) value of .94 for Model 2 is greater than the generally accepted .90
cutoff value, indicating a good model fit (Schumacker & Lomax, 2010). The root mean square
error approximation (RMSEA) value of .07 is less than .08, indicating a reasonable fit
(Schumacker & Lomax, 2010). Although the significant y* value recommends rejection of the
model, the TLI and RMSEA suggest an acceptable fit. There exists a great deal of debate about
SEM fit indices, ranging from what an appropriate cutoff value is to consideration of whether fit
indices should be reported at all (Hooper, Coughlan, & Mullen, 2008). As Hooper and colleagues

emphasize, allowing model fit to drive the research process shifts research away from theory
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testing (2008, p. 57). Because the model I present here is firmly guided by theory and existing
research, I do not adjust the models in search of improved fit statistics.

I used the iterative modification process just described and illustrated in Table 4.1 to
measure AED for Waves I and II of the Add Health data and waves 2 through 8 of the RYDS.
Because the process is so cumbersome, I will not describe it in such great detail for all the other
waves. Instead, I present only the loadings and model fit statistics for the final models for each
wave.

Table 4.2 provides the factor loadings and goodness-of-fit statistics for the second-order
model in both Waves I and II of the Add Health sample. The results for Wave I are also shown in
Table 4.1 and are described above. The loadings for Wave II are quite similar to the Wave I
loadings. The only major difference between the two waves’ models is that living in an unsafe
neighborhood is not strongly related to the other variables in Wave II. In both models presented
in Table 4.2, depression, low self-esteem, and low school connection have the largest loadings,
indicating that these variables are the most strongly related to AED in the Add Health sample.
The fit statistics for the two waves’ models are essentially identical. Given the TLI values of .94
and the RMSEAs of .07, I conclude that the models fit the data acceptably.

Differences by sex.

I also estimate the second-order factor analyses by sex, to determine whether different
factors are crucial in the measurement of future discounting for the two sexes.!”

Table 4.3 presents the final model loadings and fit statistics for both Waves I and 11, by

sex. The most obvious difference between the two groups is that living in an unsafe

19 T use the term “sex” instead of “gender” here because both the Add Health and RYDS interviews refer
to respondents’ biological sex. These variables are based upon the interviewers’ observations, though, and
the surveys include instructions for the interviewer to verbally confirm sex “if necessary.”
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neighborhood loads for females but fails to reach the .30 criteria for males. There are otherwise
no major differences in measuring AED for males and females separately. The loadings in the
female sample are generally larger than the males’ loadings, but not tremendously so. In both
subsamples low self-esteem has the largest loadings, ranging from .74 (Wave Il females) to .79
(both males and females at Wave I).

The model fit statistics for the four models in Table 4.3 are very similar, and are similar
to the fit statistics for the entire Add Health Sample. The TLIs ranging from .93 to .95 and the
RMSEASs ranging from .06 to .07 place the models within the acceptable range.

Evaluation of reliability and validity.

Given the strong conceptual foundation supporting the relationships between the latent
measure and the observed variables in the factor analysis, I am confident that the iterative factor
analysis measures future discounting, as intended. To further support this claim, though, I
evaluate the psychometrics of the created factor variables.

A common way to test the reliability of a factor analysis is by computing the Cronbach’s
alpha for the indicators in the model. To do this, I calculate the alpha using the constructs created
by the first-order factor analysis (i.e., the factors for depression, low self-esteem, etc.). In this
case, o =.76 for both Waves I and II. The general rule for Cronbach’s alpha is that a value of .70
or greater supports reliability of the measure (Cortina, 1993); the values here meet this criteria.

To evaluate the effectiveness of the AED measurement model, I examine the bivariate
relationships between the direct AED measures and the factor variables created in the
measurement model. Table 4.4 displays the bivariate correlations between the latent variables
and the direct AED measures, for both Waves I and II. Although Add Health contains two

questions measuring AED (“What are the chances you will be killed by age 21?” and “What are
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the chances you’ll live to age 35?”), I have chosen to use only the item measuring one’s
perceived chances of living to age 35. The “killed by 21” item is fascinating but connotes a
violent death caused by assault or accident. Also, most other studies have defined AED
according to one’s perceived chances of dying by age 35. For these reasons, this dissertation uses
that measure only. However, I have reverse-coded it and refer to it as a variable measuring
perceived chances of “dying by age 35” rather than “living to age 35.”

Because most of the variables used in the factor analysis are not normally-distributed
continuous variables, Pearson correlations are inappropriate for many of these relationships.
Instead, I calculate polychoric, polyserial, or Pearson correlations as appropriate (i.e., polychoric
correlations for relationships between two ordinal variables, polyserial correlations for
relationships between ordinal and continuous variables, and Pearson correlations for continuous
variables) using Stata’s user-written POLY CHORIC command (Kolenikov, n.d.). This command
does not compute significance tests, but many of the correlations in Table 4.4 are greater than
.20, indicating moderately strong relationships.

The AED factor variables and direct measures have a correlation of .34 at Wave [ and .35
at Wave I, signifying a moderately strong relationship between the direct AED measures and the
factor variables created to serve as a proxy for future discounting. This indicates that the second-
order factor analysis created a satisfactory measure of the AED latent variable.

To further measure predictive validity of the factor variable, I correlate the indirect and
direct AED measures with some of the delinquency measures available in the Add Health data.
These variables are all dichotomous, as described in Appendix A. The violence prevalence
variables are coded 1 if the subject reported one or more of these activities: using a weapon in a

fight, getting into a serious fight, group fighting, robbery, or, for Waves I and II (males only),
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rape. The AED direct and factor variables are similarly predictive of these outcome behaviors at
both Waves I and II. This further promotes the validity of the AED factor variable.

To evaluate the validity of the measure using my guiding framework of life history
theory, I correlate the AED factor variables and the direct measures with measures of
reproductive behavior at the same wave and at the following wave. The reproductive behavior
variables measure the number of sexual partners a subject reported having and whether the
subject had ever been pregnant (if female) or impregnated someone (if male). The correlations
for the pregnancy variables are all greater than .20, while the correlations for number of sexual
partners start high in Wave I (.24 and .20) and decline by Wave III to .07 for WI AED and .05
for WII AED. This is likely due to a lack of variability in the sample by Wave III. In Waves I
and II, about 80% of subjects reported having had no sexual partners. In Wave III, though, nearly
70% of the sample reported one to three partners.

The direct AED measure’s correlations with the reproductive variables are similar but
slightly smaller, likely because the factor variable is a more comprehensive measure. It is
particularly worth noting that scoring highly on an AED factor variable at one wave is correlated
with the reproductive behaviors at the following wave. According to life history theory,
discounting of the future leads one to accelerate his or her life history in an effort to optimize
reproduction and pass on genetic material. This means that people who expect to die young will
have sex often and with numerous partners, and will reproduce at earlier ages than peers who do
not discount the future. This is borne out in the correlations, supporting the notion that the factor

variables do measure AED.
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RYDS

The latent AED variables in the RYDS dataset are estimated using the same methods I
used with the Add Health data. To measure AED in Mplus, I execute a second-order factor
analysis, wherein the components of the AED factor variable are themselves factor variables. I
will not repeat the exhaustive description of this process that is detailed in the Add Health
section above. Here, I dive straight into the description of the second-order factor analysis. The
variables used in the model are described in the beginning of this chapter and in Appendices A
and B.

Second-order factor analysis.

Table 4.5 provides the factor loadings and fit statistics for the measurement models in
waves 2 through 8 of the RYDS sample. The models are narrowed in the same way as the Add
Health models, as described above.

The loadings for each variable are similar across the seven waves and also similar to the
loadings from the Add Health models. As in the Add Health models, low self-esteem
consistently has the largest loadings, ranging from .83 to .89 in the RYDS data. Depression, low
attachment to parents, and low school connection also have fairly high loadings at each wave, in
the .50 to .70 range. Parent unemployment has loadings greater than .30 for waves 3, 5, and 8
only; this variable does not load in the Add Health data.

Like the loadings, the fit statistics for the RYDS models are similar to those for the Add
Health models. The TLI values range from .92 to .94, indicating that the models fit the data
acceptably well. The RMSEA of .09 at wave 7 indicates a mediocre-to-poor fit, but the other

waves are adequate, with RMSEAs of .07 or .08.
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Differences by sex.

As in the Add Health data, I also estimate the second-order factor analyses by sex, to
determine whether different factors are crucial in the measurement of future discounting for the
two sexes.

Table 4.6 presents the final model loadings and fit statistics for waves 2 through 8, by
sex. The biggest difference between males and females is that parent unemployment is an
important component of AED for females but not for males, loading for five out of the seven
female-only models but only three male-only models.

The model fit statistics for the male models are slightly better than for the female models.
The fit statistics for the female models are less indicative of a good model fit, with TLI values
ranging from .89 to .92 and RMSEAs ranging from .08 to .11. The poorer fit of the female
models relative to the male models may be attributed to the difference in sample size. Because
RYDS oversampled at-risk youth, the sample is 72% male (N = 579) and 28% female (N = 225).
A larger female sample might improve model fit.

Evaluation of reliability and validity.

As with the Add Health variables and process, given the theoretical foundation
supporting the relationships between the latent measure and the observed variables in the factor
analysis, | am confident that this process measures future discounting, as intended. To further
support this claim, I evaluate the psychometrics of the created factor variables.

To begin evaluating the factors, I calculate the Cronbach’s alpha using the variables
created by the first-order factor analysis. The a values range from .73 (wave 5) to .79 (waves 4
and 7). Being larger than .70, these values support reliability of the AED measures (Cortina,

1993).
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The first six rows in Table 4.7 provide correlations for the AED factors across waves.
The correlations are fairly strong, ranging from .46 (waves 2 and 8) to .76 (waves 6 and 7). This
demonstrates that the factors measure the same concept over time.

To evaluate the validity of the measure using my guiding framework of life history
theory, I calculate the polychoric correlations for the AED factor variables and the measures of
reproductive behavior.?’ The reproductive behavior variables measure the number of sexual
partners a subject reports having since the last interview and whether the subject has ever (up to
that wave) been pregnant (if female) or impregnated someone (if male). The RYDS correlations
between AED and number of sexual partners are all fairly low, ranging from 0 to .11. The
correlations between AED and pregnancy are larger, ranging from .10 to .26. There’s no clear
pattern; pregnancy at all waves correlates more strongly with AED measured at wave 4 than
AED at any other waves. These correlations are something of a mixed bag; the Add Health
relationships are stronger and more suggestive.

Summary

In this chapter, I meet the first study objective by using two secondary datasets to create
latent measures of future discounting. Including identical or similar measures in both the Add
Health and RYDS models, I find that many of the same variables load strongly to build latent
measures of AED in both samples. Specifically, depression, low self-esteem, low attachment to
parents, and low connection to school load onto the AED factor variables at each wave in both

the Add Health and RYDS datasets.

20T do not show correlations between AED and delinquent behaviors for RYDS as I do for Add Health
because there is no direct AED measure in RYDS to compare with the factor variables. With the RYDS
measurement, then, it only makes sense to evaluate predictive validity using the theoretical framework,
not by determining whether the factor variables predict dependent variables similarly to direct AED
measures (as in the Add Health measurement evaluation).
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However, there are also divergences between the two data sources. In the Add Health
data only, poor academic performance, receipt of public assistance, and living in an unsafe
neighborhood (Wave I only) also load onto the latent AED constructs. These variables do not
load in the RYDS data, but the measure of parental unemployment does (albeit in waves 3, 5,
and 8 only). These findings suggest dissimilarities in the measurement of AED in different
samples. The Add Health sample is nationally representative, while the RYDS oversampled
males and youths at risk of delinquency. The RYDS sample is therefore more homogeneous in
several ways; this may account for the non-loading of public assistance receipt and living in an
unsafe neighborhood. The discrepancy in poor academic performance may result from
measurement differences — in the Add Health models I measure poor academic performance by
factor analyzing self-reported grades in the four core subjects; in RYDS, I use a measure of
performance on the math portion of the California Achievement Test. It seems the math-specific
measure, though it has performed well in other RYDS analyses (Thornberry et al., 2003), does
not impact AED as strongly as a measure that encompasses performance in several different
subjects. Future research should seek to further identify differences in AED measurement in
various samples, to determine whether and how AED varies.

After creating the latent constructs using second-order factor analysis, I evaluate the
reliability and validity of the measures to confirm that they measure AED as intended. The use of
several different methods (i.e., computation of Cronbach’s alpha values and correlations with
direct AED measures as well as delinquent and reproductive behaviors) bolstered the validity of
the AED factor variables in the Add Health and RYDS samples.

In the next three chapters, I use the newly-created AED factor variables to explore the

relationships between AED, violence, and gang membership.
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Table 4.1. Add Health Wave I AED Measurement Model (Standardized Loadings)

Model 0 Model 1 Model 2
b (SE) b (SE) b (SE)

Die by 35 42 (.01
Depression J1 o (.01) .69 (.01) .69 (.01)
Low self-esteem 78 (.01) .79 (.01) .80 (.01)

Low attachment to parents S8 (.02) .58 (.02) .58 (.02)
Poor academic performance .38 (.02) .37 (.02) .37 (.02)

Low school connection 63 (.02) .64 (.02) .64 (.02)
Public assistance receipt 28 (.03) 39 (01) .39 (.01
Parent unemployed d6  (04) 16 (.04) --- -
Unsafe neighborhood 34 (.03) 33 (.03) 33 (.03
e 5194* 5002* 4866*
TLI .94 .94 .94
RMSEA .06 .07 .07

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error
approximation
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Table 4.2. Add Health Waves I and Il AED Measurement Models (Standardized Loadings)

Wave [ Wave I
b (SE) b (SE)
Depression 69  (.01) .68 (.01)
Low self-esteem 80 (01) .76 (.02)

Low attachment to parents S8 (02) .55 (.02)
Poor academic performance .37 (.02) .37 (.02)

Low school connection .64 (.02) .61 (.02)
Public assistance receipt 39 (01) .39 (.01
Unsafe neighborhood 33 (03) - -
. 4866* 4783%*
TLI .94 .94
RMSEA .07 .07

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error
approximation
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Table 4.3. Add Health AED Measurement by Sex (Standardized Loadings)

Wave [ Wave II
Male Female Male Female
b (SE)y b (SE) b (SE) b (SE)
Depression 62 (.02) .73 (.02) .65 (.02) .71 (.02)
Low self-esteem 79 (.02) .79 (.02) .75 (.02) .74 (.02)
Low attachment to parents S0 (.03) .61 (.03) .49 (.03) .57 (.03)
Poor academic performance .39 (.03) .45 (.03) .38 (.03) .44 (.03)
Low school connection 68 (.02) .63 (.02) .62 (.03) .62 (.02)
Public assistance receipt 34 (.02) 41 (.02) 33 (.02) 42 (.02
Unsafe neighborhood 33 (05 35 (04) - - .30 (.04)
. 1945%* 2597* 1943* 2729%*
TLI 93 95 .94 95
RMSEA .06 .07 .07 .07

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error

approximation
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Table 4.4. Correlations of Add Health AED Indirect and Direct Measures with Qutcome

Behaviors
AED AED Dieby35 Dieby35 Dieby35
WI WII WI WII WIII
AED
AED WII .69
Die by 35 WI 34 .30
Die by 35 WII 29 35 49
Die by 35 WIII 21 .20 32 .36
Delinquent behavior
Violence prevalence W1 27 22 19 18 15
Violence prevalence WII .19 21 .14 .16 12
Violence prevalence WIII .07 .09 A3 A3 .19
Sexual behavior
Number of sexual partners WI 24 .20 18 .19 .06
Number of sexual partners WII A3 18 15 15 .05
Number of sexual partners WIII .07 .05 .04 .05 .06
Pregnancy WI .29 23 A7 .08 A5
Pregnancy WII 27 24 18 .16 14
Pregnancy WIII 25 25 14 A7 .05
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Table 4.5. RYDS AED Measurement Models (Standardized Loadings)

Wave 2 Wave 3 Wave 4 Wave 5 Wave 6 Wave 7 Wave 8

b (SEy b (SE) b (SE) b (SE) b (SE) b (SE) b (SE)
Depression 62 (.03) .62 (.03) .61 (03) .62 (03) .55 (.03) .56 (.03) .60 (.03)
Low self-esteem .89 (.03) .88 (.03) .84 (.03) .83 (.03) .89 (.03) .84 (.03) .83 (.03)
Low attachment to parents .56 (.03) .56 (.04) .57 (.03) .58 (.04) .51 (.04) .57 (.03) .52 (.03)
Low school connection S5 (04) .64 (03) .62 (.03) .58 (.04) .63 (.03) .65 (.03) .67 (.04)
Parent unemployed - - 31 (03) -- - 34 (02) --- - - - .35 (.03)
e 1120%* 1168* 1191%* 1186* 1143* 1172%* 1115%*
TLI .92 .93 .93 93 .93 93 .94
RMSEA .07 .08 .08 .08 .08 .09 .08

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error approximation
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Table 4.6. RYDS AED Measurement Models by Sex (Standardized Loadings)

Male 2 3 4 5 6 7 8

b (SE) b (SE) b (SE) b (SE) b (SE) b (SE) b (SE)
Depression 62 (04) 64 (03) 59 (04 56 (04 55 (04 56 (04 .61 (.03)
Low self-esteem 92 (04 90 (03) .87 (03) .87 (.04) .88 (.04) .88 (.03) .81 (.03)
Low attachment to parents .53  (.04) .57 (04) .59 (04) .57 (.04) .54 (.04) .57 (04 .55 (.04
Low school connection 62 (04) .63 (04 .69 (03) .63 (04 .68 (04 .69 (04 .71 (.04
Parent unemployed - - 31 (.03) - --- 31 (.03) - --- --- - 34 (.03)
v 775% 806* 855* 858* 810* 818* 734%
TLI .92 .93 .93 .93 .94 .93 .94
RMSEA .07 .08 .08 .08 .09 .09 .08
Female 2 3 4 5 6 7 8

b (SE) b (SE) b (SE) b (SE) b (SE) b (SE) b (SE)
Depression .65 (05 .61 (05 .69 (06) .78 (.05 .55 (.06) .56 (.05 .57 (.06)
Low self-esteem 78  (06) .85 (06) .73 (.05) .72 (.05 .89 (.07) .76 (.06) .85 (.06)
Low attachment to parents .64  (.06) .53 (.06) .53 (06) .59 (.06) .42 (.07) .58 (.07) .46 (.06)
Low school connection 44 (08) .71 (.05) .52 (.06) .54 (06) .57 (.06) .64 (.05 .64 (.06)
Parent unemployed --- -- 31 (05 31 (05 .44 (05 35 (05 33 (04 -- ---
v 261%* 305% 313* 277* 278%* 310%* 320%*
TLI .90 91 .89 .92 91 .90 .92
RMSEA .08 .09 .10 .10 .10 A1 .10

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error approximation

* < .05



Table 4.7. Correlations of RYDS AED Indirect Measures with Sexual Behaviors

AED AED AED AED AED AED AED
2 3 4 5 6 7 8
AED 3 74
AED 4 .68 74
AED 5 .59 .65 73
AED 6 54 .59 .69 71
AED 7 .55 .59 67 .68 76
AED 8 46 54 .60 .62 .67 72
Sexual behavior
Number of sexual partners 6 10 .05 .07 .04 .03 .00 .03
Number of sexual partners 7 11 .09 .10 .10 .06 .07 .03
Number of sexual partners 8 .06 .02 .03 .06 .03 .05 .03
Number of sexual partners 9 11 .05 .07 .07 .06 .08 .05
Pregnancy 5 .14 A1 21 .14 A5 A2 A5
Pregnancy 6 17 17 24 17 .20 18 .20
Pregnancy 7 .19 20 26 17 18 18 .16
Pregnancy 8 18 17 22 15 15 17 A2
Pregnancy 9 16 13 20 .10 A1 13 A1
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CHAPTER S
AED and Violent Behavior

Having created valid and reliable AED proxy measures in both the Add Health and
RYDS datasets in Chapter 4, I can now examine the effects of the AED latent measures on risk-
taking behaviors using structural equation modeling.

Figure 2.1, presented in Chapter 2’s discussion of the theoretical model, illustrates the
structural models estimated in this chapter and the next, for both the Add Health and the RYDS
data. Here, I examine the effects of AED on low self-control (path A), low self-control on risk-
taking behaviors (path B), AED on risk-taking behaviors directly (path C), and AED on risk-
taking behaviors indirectly, through low self-control (indirect path A-B). Risk-taking behaviors
are measured at ¢+ 1, the wave following the one at which AED is measured (7).

In this chapter, I first study the way in which AED affects risk-taking behavior in the Add
Health data, as operationalized by self-reported prevalence of violent offending. I then examine
the influence of AED on self-reported prevalence and variety of violent offending in the RYDS
data. These relationships are further examined by estimating the models separately for male and
female participants.

Add Health

Violence prevalence.

I first apply the model to an Add Health variable measuring violence prevalence, coded 1
if a subject reported engaging in any of the five behaviors (e.g., fighting, robbery, rape) listed in

the variable coding table in Appendix A.
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The results of the SEM are displayed in Table 5.1. The top third of the table presents
standardized coefficients, standard errors, and fit statistics from the full-sample SEMs. In the
left-hand column of results, where AED is measured at Wave I and violence is measured at
Wave II, the strongest path measures the relationship between AED and low self-control
(b= .85, p <.001). This indicates that, although fatalism and low self-control are distinct
concepts (LaGrange & Silverman, 1999; Mishra & Lalumiére, 2011), they are strongly related.
The significant coefficient for the relationship between low self-control and violence (b = .30,

p <.001), indicates that individuals with low self-control have a higher likelihood of engaging in
violence, a relationship backed by much scientific support (Gottfredson & Hirschi, 1990).

Path C, the direct path from AED to violence, has a nonsignificant, near-zero
standardized coefficient. However, path A-B, measuring the indirect relationship of AED on
violence via low self-control, is highly significant (b = .26, p <.001), suggesting that low self-
control mediates the relationship between AED and violence prevalence. The total effect of AED
on violence in Wave I is .24 (p <.001). Thus, AED strongly impacts violence, but this
relationship is mediated by low self-control.

The fit statistics for this model do not suggest an excellent fit. The y*is statistically
significant, indicating that the model is not a perfect fit for the data. The TLI (.91) and the
RMSEA (.08) fall into their acceptable ranges. Altogether, these values suggest an acceptable fit
for the Add Health data.

Some of the relationships in Wave II (shown in the rightmost column in the top third of
Table 5.1) are similar. As in Wave I, the strongest relationship is the one between AED and low
self-control, with a standardized coefficient of .89 (p <.001). The next strongest relationship is

between low self-control and violence (b = .52, p <.001). The most noticeable difference
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between the two waves is that the relationship between AED and violence in the Wave II model
is negative and significant (b =-.35, p <.01), a finding suggesting that those with higher levels
of AED are less likely to engage in violence. This result is likely explained by the gap between
Waves Il and III. Wave I began in 1994; Wave I followed one year later, when most
respondents were still teenagers. Wave Il occurred in 2001 and 2002, five years after Wave IL.
By Wave III, subjects ranged in age from 18 to 27, with a mean age of 21. It is likely that in the
intervening years between Waves II and III, the subjects age out of violent behavior. Indeed, by
Wave III just 14% of the Add Health sample engaged in any violent behavior, compared to 42%
at Wave [ and 30% at Wave II. In a study of adolescence and the dramatic changes that occur
during that period in one’s life, a data source with more waves of data, closer together in time, is
necessary to confidently draw conclusions.

Despite the negative direct effect, the total effect of AED on violence is positive (b = .12,
p <.001). This results from the positive and highly significant indirect effect of AED on violence
via low self-control (b = .46, p <.001). This is also the case in the Wave I model, providing
evidence to support Gottfredson’s and Hirschi’s (1990) claim that self-control is a stable
personality trait. In contrast, the model results (i.e., the change in the strength and significance of
AED as a predictor of violence from Wave I to Wave II) suggest that AED is a variable factor
that changes over time.
Differences by sex.

Table 5.1 also illustrates these relationships in the Add Health data by sex. The
standardized coefficients for path A, representing the relationship between AED and low self-
control, are high in all four models, ranging from .84 (Wave I males) to .90 (Wave Il males). The

only other relationship significant in all four of the sex-separated models is the one measuring
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the total effects of AED on violence. These coefficients range from .15 (Wave Il males) to .33
(Wave I females), with all coefficients reaching significance at a level of p <.001. With the
exception of the Wave II males-only model, though, none of the direct or indirect effects of AED
and low self-control on violence are statistically significant. In the Wave II model for male
subjects, the relationships between low self-control and violence (b = .40) and the indirect effect
of AED on violence via low self-control (b = .37) both reach significance at p <.05.

These models indicate that the relationships between AED, low self-control, and violence
are largely similar for both males and females at Wave I in the Add Health data. To determine
whether the coefficients for one sex significantly differ from the other, I calculate z scores using
the formula for comparison of coefficients recommended by (Paternoster, Brame, Mazerolle, &
Piquero, 1998, p. 862):

b, + b,
/SEbZ + SEb?

o
.

Table 5.2 contains the z scores for pairwise comparisons of the coefficients for the sex-separated
models. Only one z score lies outside the -1.96 to 1.96 bounds, allowing for rejection of the null
hypothesis of no difference between the coefficients. The coefficients for the total effects of
Wave I AED on Wave Il violence differ significantly (z = -2.40), indicating that this relationship
is stronger for females. This unexpected finding runs counter to my hypothesis that AED would
predict violence more strongly for males.

The model fit statistics for the sex-separated models are slightly better than those for the

full-sample model. The TLI and RMSEA values fall within their acceptable ranges.
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AED measurement revisited.

In keeping with my guiding theoretical framework of life history theory, I expected to
find evidence of significant relationships between AED and risk-taking behaviors. In the context
of evolutionary biology, life history theory posits that a truncated life expectancy will correspond
to an increase in risky behaviors to facilitate mate selection. To use life history theory to further
validate the AED proxy measures as the project progresses, I estimate structural models that
include a measure of reproductive behavior. According to life history theory, AED should
significantly predict reproductive factors such as one’s number of sexual partners, pregnancy,
and precocious sexual activity. Here, I employ categorical variables of self-reported number of
sexual partners within the prior 12 months and pregnancy (ever), measured two waves (i.e., six
years) after AED. In the wave between AED and the sexual behavior, I include the measure of
violence prevalence. Due to a few outliers reporting as many as 50 sexual partners, the variable
measuring number of sexual partners is a categorical measure divided into three groups: zero
partners, one to three partners, or four or more partners. At Wave III, about 22% of the sample
reported no sexual partners within the last 12 months, 69% reported one to three partners, and
9% reported more than three partners. By Wave III, almost a third of the Add Health sample
(N=1,062, 31%) had experienced at least one pregnancy.

Table 5.3 shows the results of three-wave structural models as illustrated in Figure 2.1.
The model on the left measures the effects of AED and low self-control at Wave I on violence at
Wave II and the number of sexual partners reported at Wave III. Path E, measuring the direct
effect of AED on number of partners, is nonsignificant. However, due to two significant indirect
effects between AED and number of partners (AED to low self-control to violence, and AED to

low self-control), the total effect of AED on number of partners is significant (b = .09, p <.001).
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The components of the model concerned only with AED, self-control, and violence are exactly
the same as the results for the two-wave model in Table 5.1.

The model on the right replaces number of partners with pregnancy at Wave III. Path E,
measuring the direct relationship between AED and pregnancy, is strong and significant (b = .74,
p <.001), but this direct effect is partially negated by self-control’s negative effect on pregnancy
(indirect path A-D). Even so, the total effect of AED on pregnancy is positive and highly
significant (b = .32, p <.001).

These results indicate that AED strongly affects pregnancy and, to a lesser extent, one’s
number of sexual partners, as expected. According to life history theory, AED should affect both
of these reproductive variables — pregnancy, because a truncated life expectancy should
encourage one to pass on one’s genes, and number of sexual partners because it improves one’s
chances of reproductive success (i.e., pregnancy). These findings are also in line with the zero-
order correlations presented in Chapter 4, when I originally assessed the validity of the AED
proxy measures. In particular, as Table 4.4 shows, the strength of the associations between
pregnancy and both my latent measure of AED as well as Add Health’s direct AED variable,
both measured at Wave I, remain similarly strong when looking at pregnancy at Waves I, 11, and
III. Within the life history theory framework, these relationships add further support to the
validity of the latent AED measure.

RYDS

In Chapter 4 I created the latent measures of AED in the Add Health and RYDS datasets.
Thus far in Chapter 5, I have studied the relationships between AED, self-control, and violence
in the Add Health data, finding that self-control and AED increase the likelihood of violent

behavior, with low self-control mediating the effect of AED on violence prevalence. I now
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replicate and expand these analyses with a deeper dive into the RYDS data, to further evaluate
the validity of the latent AED measures and to measure the effects of AED on violent behavior in
the RYDS data.

There are several benefits to using the RYDS data to explore the relationship between
AED and violent behavior. The RYDS used semiannual interviews to follow youth throughout
their teen years, resulting in an extraordinarily rich dataset, particularly useful for examining
changes over short time periods. The fact that RYDS focuses on delinquency, administering a
comprehensive battery of questions about violent behavior, makes it well-suited for my purposes.
To further my investigation of the associations between AED, self-control, and violent
offending, I apply the model illustrated in Figure 2.1 to waves 2 through 9 of the RYDS data,
predicting prevalence and variety of violent behavior.

Violence prevalence.

Table 5.4 displays the results of the full-sample RYDS models predicting violence
prevalence, i.e., whether a participant reported engaging in any of the six violent behaviors:
assault, aggravated assault, robbery, gang fighting, throwing objects at people, rape/attempted
rape. As in Table 5.1, the numbers across the tops of the columns represent the wave at which
AED is measured (), with the dependent variable measured at the following wave (¢+7). In the
Add Health models, low self-control is measured at the same wave as AED. In the RYDS
models, however, low self-control is measured only once (at wave 10), and I use that variable in
all of the models under Gottfredson’s and Hirschi’s (1990) assumption that self-control is a static
personality characteristic.

The relationship between AED and low self-control (path A) remains similarly strong

across all waves, ranging from .32 (wave 4) to .39 (waves 7 and 8), with all path A coefficients
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significant at p <.001. The direct effect of AED on violence prevalence (path C) declines over
time, from .30 (p <.001) at wave 2 to .06 (ns) at wave 8. The total effect of AED on violence
prevalence also declines over time, starting at .33 (p <.001) when AED is measured at wave 2
and falling to .16 (p <.05) when AED is measured at wave 8. These results indicate that AED
has a weaker impact on engagement in violence by the late teen years. The total effects of AED
on violence remain statistically significant across the waves, though.

Interestingly, the effect of low self-control on violence (path B) appears to grow over
time, from .11 (p <.05) at wave 2 to .27 (p < .001) at wave 8. This suggests that as adolescents
reach their late teens, the power of low self-control intensifies while AED’s influence on
violence wanes. Perhaps younger adolescents engage in violence more purposefully (i.e., less
impulsively) owing to a need to establish status when entering the teen scene, or as a result of
socialization by older teenagers.?! By the later teenaged years, though, self-control is the stronger
predictor, perhaps because those with higher AED have been socialized into the culture and are
more comfortable using violence as an impulsive reaction.

The model fit statistics are similar for all of the seven models displayed in Table 5.4. The
TLI values are acceptable for all models, ranging from .92 to .94. All RMSEA values also fall
within the acceptable range.

Differences by sex.

As in the Add Health data, I also estimate the SEMs by sex, to determine whether the

effects of AED and self-control on violent engagement vary by sex. According to life history

theory, males who have a short time horizon take risks in order to improve their chances of

2! For example, Canada’s (1995) memoir of street violence describes the process by which the 17-to 19-
year-olds at the top of the neighborhood’s pecking order make young boys fight each other, then praise
their displays and give them tips on how to fight.
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reproductive success. Although females may also expect to die young, they are more likely to
respond by becoming sexually active earlier and more often; violence is not a typical
consequence of AED for females. Because the RYDS sample is mostly male by design, the full-
sample model results are similar to the results for the male-only models. The principal utility of
estimating the models by sex, then, is to more precisely model the relationships for the female
participants.

Table 5.5 displays the results of the sex-separated structural models predicting violence
prevalence. I calculate z scores to allow for comparison of the male-model coefficients to the
female-model coefficients (Appendix C). In the wave 2 model, the relationship between AED
and violence is significantly larger for females (b = .47, p <.001) than it is for males (b = .26,
p <.001; z=-2.04). In the same model, the total effect of AED on violence is, unsurprisingly,
also significantly larger for females (b = .54, p <.001) than males (b = .28, p <.001; z = -2.76).
The same pattern occurs at wave 7 — the direct and total effects of AED on violent engagement
are significantly larger for females than males. These are the only relationships that significantly
differ by sex.

These findings obviously do not support the hypothesis that higher levels of AED will
influence violent behavior for males but not females. Instead, it appears that AED affects
violence for females and males both, but at around ages 14.5 and 17, AED is a significantly
stronger predictor of violence six months later for females, compared to males. The reason for
this relationship is unclear. A great deal of research has found that males are more likely to
engage in violent behavior than females (Ellis et al., 2012), but I have found no support of the
opposite in the literature. This surprising difference between the sexes may result from the

relative lack of variance in violence engagement among the males in the sample, compared to the
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females. At wave 3, 171 of the RYDS males (30%) report engaging in violence. Of these
individuals, 10% have low AED (i.e., their AED values are less than the variable’s mean minus
one standard deviation). Nearly three-quarters of the males who report violence at wave 3 are
within one standard deviation (plus or minus) of the AED mean. The remaining 16% have high
AED values, greater than the variable mean plus one standard deviation. In contrast, just under
one quarter of female respondents report engaging in violence at wave 3, and of those
individuals, 28% have high AED values. Just one violent female (2%) has low AED, compared
to 17 (10%) violent males. It appears that females must reach a higher threshold of AED before
they will become violent, whereas males with low, average, or high AED will engage in
violence.

The model fit statistics for the male models are similar to those for the full-sample
models, but the fit statistics for the female models are worse than for the full-sample models. The
RMSEA values for the female models are .09 or .10 for six of the seven models. Many consider
an RMSEA greater than .08 indicative of a poor model fit (Schumacker & Lomax, 2010). The
TLI value falls to .89, below the .90 threshold of acceptability, in waves 4 and 7. Taken together,
these fit statistics indicate that the model is a poorer fit for the females relative to the males.

Violence variety.

Table 5.6 presents the results of structural equation models for the full RYDS sample
with the endogenous variable measuring the variety of violent acts in which one reported
engaging. This variable measures the number of different types of violent acts a subject reports
engaging in. For example, a subject who reports committing two robberies and five assaults is

coded 2, receiving one point for each type of violent crime (here, robbery and assault). Values
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for the measure of violence variety range from 0 to 5. The variable’s mean of 0.29 across all
waves indicates that most subjects engage in zero to one types of violent acts per wave.

These models follow a similar pattern as the models for violence prevalence (in Table
5.4). All path B coefficients are significant at the level of at least p < .01, indicating a strong
relationship between low self-control and the number of various types of violence in which one
engages. These coefficients increase over time, suggesting that self-control has a stronger
influence on violence variety in later adolescence. This may be because youths are more
comfortable engaging in violence impulsively when they are in their late teens and have had time
to learn the culture and experiment with various delinquent acts. In contrast to the self-control
findings, the path C values, representing the direct effects of AED on violence variety, start
higher and then fall in both size and significance over time, from .26 (p <.001) at wave 2 to .12
(p <.05) at wave 5, with the remainder of the waves showing no significant path C relationship.
This indicates that AED directly affects one’s variety of violent behavior in early- to mid-
adolescence but not in later years. However, the indirect path A-B is statistically significant at all
waves, as is the total effect of AED on violence variety. Directly, indirectly, or both, AED
impacts the variety of one’s violent offending throughout adolescence.
Differences by sex.

Table 5.7 presents the results of the sex-separated SEMs predicting violence variety. The
z scores (Appendix C) show that the two sexes differ in the total effect of AED at wave 2 on
violence variety at wave 3 — this effect is significantly stronger for females. Further, the sexes
differ significantly in the relationship between AED and violence variety in the models for waves
6 and 7. At wave 6, the direct and total effects of AED are significantly larger for male subjects.

At wave 7, the reverse is true — the path C coefficient and AED’s total effect are significantly
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larger for female participants. Again, the stronger relationship between AED and violence for
females compared to males is counterintuitive and unsupported in the literature. A look at the
cross-tabulations by low, average, and high levels of AED supports the notion that this is
because females require a higher level of AED to become violent, particularly when this entails
engaging in multiple different types of violence.?? In contrast, even male subjects with lower-
than-average AED at wave 2 still commit up to four (of five) different violent acts at wave 3.

AED measurement revisited.

Using the context of life history theory, I now add measures of reproductive behaviors to
the RYDS models to further evaluate the reliability of the AED latent variables. According to life
history theory, a shortened life expectancy affects sexual behavior as one prioritizes reproduction
above other competing goals, namely survival. Here, I employ categorical variables of pregnancy
and self-reported number of sexual partners, measured one year after AED. In the wave between
AED and the reproductive behavior, I include a measure of violent behavior to test for mediating
effects.

Due to a few outliers reporting as many as 90 sexual partners, the variables measuring
number of sexual partners are categorical measures divided into three groups: zero sexual
partners since the last interview, one to three partners, or four or more partners. The RYDS
interviews include this item beginning in wave 6, when about 47% report no sexual partners,
45% report one to three partners, and 8% report more than three partners. By wave 9, 36% report
no sexual partners since the last interview, 58% report one to three partners, and 6% report four
or more partners. The pregnancy variable measures whether the respondent has ever become

pregnant or gotten someone pregnant, up until the wave at which the question is asked. In

22 The cross-tabulations are not presented here but are available upon request.
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wave 5, when the variable is first measured for both sexes, 12% of the sample have been
pregnant or impregnated someone. By wave 9, almost a third of the RYDS sample (N = 226,
28%) have experienced at least one pregnancy.

Table 5.8 shows the results of the three-wave structural models as illustrated in Figure
2.1. The models include AED factor variables at wave ¢ (denoted by the number at the top of the
column), violence prevalence at wave ¢+1, and the number of sexual partners reported at
wave t+2. The first column of results, then, measures AED at wave 4, violence at wave 5, and
sexual partners at wave 6 (the first wave at which the question is asked). Path E, measuring the
direct effect of AED on number of partners, is nonsignificant in all of the models. However, the
total effect of AED on number of partners is significant in the first two results columns, when
number of partners is measured at around ages 16.5 to 17. This is due to significant indirect
effects between AED and number of partners — paths A-B-F (AED to low self-control to
violence to partners), A-D (AED to low self-control to partners), and C-F (AED to violence to
partners) from ages 15.5 to 16.5 and path A-B-F from ages 16 to 17. AED does not significantly
predict number of partners when the endogenous variable is measured at ages 17.5 to 18, in
waves 8 and 9.

Table 5.9 replaces number of partners with pregnancy as the endogenous variable. This
table includes one more column of results than Table 5.8 because measurement of pregnancy for
both sexes begins in wave 5 (one wave earlier than the item about number of sexual partners).

Path E is significant when AED is measured at waves 4 (b =.20, p <.001) and 5 (b = .15,
p < .01), but the other three models do not show a significant direct effect of AED on pregnancy.
Due to significant indirect effects, though, the total effects of AED on pregnancy are statistically

significant in all models. In particular, the indirect effect of AED on pregnancy via both low self-
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control and violence (indirect path A-B-F) is significant (p <.05) at all waves. High levels of
AED correspond to both low self-control and violence, which are associated with pregnancy in
turn.

AED measured in mid-adolescence significantly predicts number of sexual partners at
ages 16 to 17. AED more consistently predicts pregnancy; AED bears a significant total effect on
pregnancy in the RYDS sample throughout adolescence, including a significant direct effect at
waves 4 and 5 (affecting pregnancy at ages 15.5 to 16). According to life history theory, AED
should influence both of these reproductive variables — pregnancy, because a short life
expectancy should encourage one to pass on one’s genes, and number of sexual partners because
it improves one’s chances of reproductive success (i.e., pregnancy). These findings are also in
accordance with the correlations presented in Chapter 4, when I first judged the validity of the
AED latent measures. In particular, as Table 4.7 shows, the strength of the associations between
pregnancy and the latent AED measure are somewhat stronger when measuring AED at earlier
waves, with AED, showing the strongest correlations with all pregnancy variables. Interpreted
through a lens of life history theory, these relationships add further support to the validity of the
latent AED measure. An ideal finding would show AED predicting both number of partners and
pregnancy at all waves, though, so it’s likely that the latent measures of AED are imperfect. A
latent measure of AED should include a number of additional factors linked to AED, for
example, exposure to violence and community mortality rate, among other factors discussed in
Chapter 1’s review of the literature. Given the limitations and restrictions of the datasets and
design used in the dissertation, the latent measures of AED perform well and find sufficient

support in life history theory.
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Summary

This chapter examines the effects of the latent measures of anticipated early death on
violent behavior in both the Add Health and RYDS samples. The takeaway finding is that,
generally speaking, AED, low self-control, and AED via low self-control substantially influence
violent behavior. Low self-control significantly predicts violence in all of the full-sample models
presented in this chapter. The indirect effect of AED on violence via low self-control is also
significant in all full-sample models here. Accordingly, AED has a significant total effect on
violence in all full-sample models.

The only path without a statistically significant coefficient in all of the full-sample Add
Health and RYDS models presented in this chapter, then, is the direct effect of AED on violence.
In the Add Health data, AED at around age 16 has a negative and significant relationship with
violence prevalence five years later. This unexpected finding may be due to those who anticipate
an early death behaving more cautiously in order to improve their life chances — by Wave 111,
respondents are adults, ranging in age from 18 to 27. During the five years between Waves Il and
111, Add Health participants seem to have matured enough to behave more rationally, exercising
caution in response to AED. In the RYDS data, AED at ages 14.5 to 15.5 has a significant
positive relationship with violence prevalence and variety six months later. By later adolescence,
though, AED no longer predicts violent behavior, and low self-control holds more sway.

The models, particularly those for females only, do not fit perfectly. It’s probable that
omitted variables play a strong role in these relationships, in addition to the latent measures
included in the structural models. For example, delinquency of one’s peers is a strong known
predictor of one’s own delinquency (Kissner & Pyrooz, 2009; Pratt & Cullen, 2000; Thornberry

et al., 2003). Such a measure is not included here for two reasons. First, it does not exist in the
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Add Health data, and one of my primary goals in creating the AED proxy measures and
estimating the structural models is resemblance between the two datasets. The other reason I
forego use of peer delinquency measures is because I found no evidence of a link between AED
and peer delinquency in the literature. Although one might exist, it’s more likely that a fatalistic
attitude is influenced by the victimization experienced by one’s peers, rather than peers’
offending (although the two may be closely related).

The advantage to using simple models, as I’ve done here, is comparability between the
Add Health and RYDS samples. This is crucial, given my goal of creating latent measures of
AED in two separate data sources. The drawback to the simplicity of the models is that other
important factors are omitted from the analysis. Given the lack of research regarding peer effects
on AED, future work should probe this potential relationship, especially with regard to risk-
taking behaviors and violence in particular.

Exploration of the effects of peer behavior on AED, while regrettably overlooked in the
literature, lies outside the scope of the dissertation. However, I devote the next chapter to

something similar: the effects of AED on gang activity.
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Table 5.1. Add Health Structural Models of AED and Violence Prevalence (Standardized

Coefficients)
I I

b (SE) b (SE)
Path A (AED, = LSC)) 85% (.01)  .89*  (.01)
Path B (LSC; = violences+1) 30%  (07)  .52%  (.13)
Path C (AED;, = violences+7) -.02 (.07) -35% (.13)
Indirect A-B (AED, = LSC; = violencer+;) .26% (.06)  .46* (.12)
AED total effect 24*  (02)  12*  (03)
v 8374* 8684*
TLI 91 91
RMSEA .08 .08
Male I II

b (SE) b (SE)
Path A (AED, = LSC)) 84% (.02)  .90*  (.02)
Path B (LSC; = violence;+/) 20 (.10) 40%  (.20)
Path C (AED; = violence;+/) .04 (11 -22 (.20)
Indirect A-B (AED, = LSC; = violence/+;) .17 (.09) 37%  (.18)
AED total effect 21%  (04)  15*%  (04)
v 3140%* 3349%*
TLI .92 91
RMSEA .07 .08
Female I II

b (SE) b (SE)
Path A (AED, = LSC)) 88*%  (.02)  .89*  (.02)
Path B (LSC; = violence;+/) .19 (.12) .09 (.22)
Path C (AED; = violence;+/) .16 (.13) 18 (.22)
Indirect A-B (AED, = LSC,; = violence/+;) .17 (.11) .08 (.19)
AED total effect J33* 0 (03) .26%  (.04)
v 3827* 4321*
TLI .92 .92
RMSEA .07 .08
SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error
approximation
*p<.05
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Table 5.2. Comparisons of Add Health Male and Female Structural Parameters for

Violence Prevalence (z scores)

Wave I Wave 11

Path A -1.41 0.35
Path B 0.06 1.04
Path C -0.70 -1.35
Indirect A-B 0.00 1.11

AED total effect -2.40%* -1.94

Note: Bold type indicates z scores that are less than -1.96 or greater than 1.96, allowing for
rejection of the null hypothesis of no difference between the male-only coefficients and the
female-only coefficients.
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Table 5.3. Add Health Three-Wave Structural Models of AED, Violence, and Reproductive

Behavior (Standardized Coefficients)

Number of

Partners Pregnancy

b (SE) b (SE)
Path A (AED,; = LSC)) 85%  (.01) .85% (.01
Path B (LSC; = violence+/) 30%  (.07)  .30%  (.07)
Path C (AED, = violence;+;) -.02 (.07) -.02 (.07)
Path D (LSC; = reproduction;+2) A8*  (.07) -.54*  (.09)
Path E (AED; = reproduction,+2) -.11 (.07) .74*  (.09)
Path F (violence;+; = reproduction;+2) A8* 0 (.02)  .16*%  (.03)
Indirect A-B 26%  (L06) .26%  (.06)
Indirect A-B-F 05%  (.01) .04* (.01)
Indirect A-D A5% 0 (L06)  -.46*%  (.08)
Indirect C-F .00 (.01) .00 (.01)
Total effects:

AED; = Violence;+; 24*% 0 (02) .24*%  (02)
Total effects:

AED; = Reproduction;-> 09%  (02)  .32*%  (03)
v 8518%* 8593*
TLI 91 91
RMSEA .08 .08

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error
approximation
*p<.05
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Table 5.4. RYDS Structural Models of AED and Violence Prevalence (Standardized Coefficients)

b (SEY b (SE)y b (SE) b (SE) b (SE) b (SE) b (SE)
Path A 33%  (04) 36* (04) 32 (04) 37* (04) 36* (04) 39% (04) 39*% (.04)
Path B A1%(05)  20% (06) 27% (05) 35% (06) .22% (.06) .25% (06) 27 (.07)
Path C 30%  (06) .17% (06) .14* (06) .01 (06) .09 (07) .09 (07) .06 (.08)
Indirect A-B 04% (02)  .07* (.02) .09% (.02) .13* (03) .08* (.02) .10* (.03) .10* (.03)
AED total effect  .33% (05) .24* (05) .23% (06) .14* (06) .I7* (06) .19% (06) .16* (.07)
P 1226* 1218%* 1268%* 1237* 1233* 1285%* 1203*
TLI 92 93 93 93 93 93 94
RMSEA 07 07 .08 08 .08 08 08

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error approximation

* < .05
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Table 5.5. RYDS Structural Models of AED and Violence Prevalence by Sex (Standardized Coefficients)

Male 2 3 4 5 6 7 8

b (SE) b (SE) b (SE) b (SE) b (SE) b (SE) b (SE)
Path A 35% (.05)  .36*%  (.05) .33* (.05) .39* (.05) .39*% (.05) .40*% (.05 .39% (.04)
Path B 07 (05 .17* (07) .25*% (.06) .34* (.07) .18* (.07) 27* (.07) .28* (.07)
Path C 26% (.05 .17 (07) .13 (.07) .03 (07) .16* (.08) .02 (07) .03 (.09)
Indirect A-B .02 (.05 .06* (.03) .08* (.02) .13* (.03) .07* (.03) .11* (.03) .11* (.03)
AED total effect 28*% (05)  .23*% (06) .21*% (06) .16* (.06) .23* (07) .12* (06) .14 (08)
2 830* 823* 883* 874* 842* 873* 782%
TLI .92 93 .92 .93 93 .93 .94
RMSEA .07 .07 .08 .08 .08 .08 .08
Female 2 3 4 5 6 7 8

b (SE) b (SE) b (SE) b (SE) b (SE) b (SE) b (SE)
Path A J33* (.08)  .37* (.07) .33* (.07) .38*% (.06) .33* (.07) 43* (.07) 41* (.07)
Path B 20%  (09) .23*  ((11) .24 (11) 26% (.11) 29*% (112) .15 (11) .18 (.15
Path C A47* (.09) .23* (11) .30* (11) .03  (12) -11  (13)  36% ((13) 22 (.16)
Indirect A-B 07*% (.03) .08* (.04) .08* (.04) .10* (.05) .10* (.05 .06 (.05 .07 (.06)
AED total effect 4% 08) 31*%  (10)  .38*% (10) .13 (11) -0l (12) 42* (11) .29*% (14)
> 276* 305* 310* 204* 290* 322% 323%
TLI .90 .92 .89 91 .90 .89 .92
RMSEA .08 .09 .09 10 .09 .10 .09

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error approximation

* < .05
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Table 5.6. RYDS Structural Models of AED and Violence Variety (Standardized Coefficients)

b (SEY b (SE)y b (SE) b (SE) b (SE) b (SE) b (SE)
Path A 33%  (04) 36* (04) 32% (04) 37* (04) 36* (04) 39% (04) 39*% (.04)
Path B A5%(05)  23*% (.05) .28% (.05) 36% (06) 23* (.06) 25% (06) 27 (.06)
Path C 26% (.05) .15% (06) .12* (05) -02 (06) .06 (07) .10 (06) .06 (.07)
Indirect A-B 05% (02)  .08* (.02) .09% (.02) .13* (02) .08* (.02) .10* (.02) .11* (.03)
AED total effect  .31* (05) .24* (05) .21* (05) .11* (05) .14* (06) .20% (05) .16* (.06)
P 1228%* 1214%* 1263* 1236* 1234%* 1282%* 1204%*
TLI 92 93 93 93 93 93 94
RMSEA 07 07 .08 08 .08 08 08

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error approximation

* < .05
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Table 5.7. RYDS Structural Models of AED and Violence Variety by Sex (Standardized Coefficients)

Male 2 3 4 5 6 7 8

b (SE) b (SE) b (SE) b (SE) b (SE) b (SE) b (SE)
Path A 35%  (.05)  .36%  (L05)  .33*%  (.05) .39*%  (.05) .39*  (.05) .40* (.05) .39*  (.04)
Path B .10 (.06) .20% (.06) .25* (.06) .36* (.07) .18* (.07) .25*% (.07) .27* (.07)
Path C 24% (.06) .17*  (.06) .12 (.06) -.01 (.07) .14 (.08) .05 (.07) .05 (.08)
Indirect A-B .03 (.02) .07* (.03) .08* (.02) .14* (.03) .07* (.03) .10* (.03) .11* (.03)
AED total effect 28% (06) .24*  (06) .20*% (06) .13* (06) .20% (07) .15* (06) .15*% (07)
v 828* 820* 884* 873* 844* 872* 783*
TLI .92 93 .92 .93 93 .93 .94
RMSEA .07 .07 .08 .08 .08 .08 .08
Female 2 3 4 5 6 7 8

b (SE) b (SE) b (SE) b (SE) b (SE) b (SE) b (SE)
Path A 33* 0 (.08) .37 (07) .33*  (.07) .38*% (.06) .34* (.07) 43* (.07) 41* (.07)
Path B 26%  (.07) .29%  (09) .26% (09) 24* (11) 31* (.10) .19%  (10) .21 (.14)
Path C 40*%  (.08) .15 (.10) .28* (.11) .06 (.10) -.14 (11 31*  (11) .15 (.12)
Indirect A-B 09*%  (.03) .11*  (.04) .08*% (.04) .09* (04) .10* (.04) .08 (.04) .08 (.06)
AED total effect A48*%  (08) .26%  (09) .36% (09) .15 .09) -.04 (.10)  .39*% (09) .23* (10)
> 276* 305* 310* 204* 290* 322% 323*
TLI .90 91 .89 91 .90 .89 .92
RMSEA .08 .09 .09 .10 .09 10 .09

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error approximation

* < .05



Table 5.8. RYDS Three-Wave Structural Models of AED, Violence, and Number of Sexual Partners (Standardized

SO1

Coefficients)
4 5 6 7

b (SE) b (SE) b (SE) b (SE)
Path A 32% 0 (.04) 37*  (.04)  36%  (.04)  .39%  (.04)
Path B 27% (.05)  .35%  (.06) .22*%  (.06) .25% (.06)
Path C 14% 0 (.06) .01 (.06) .09 (07) .09 (.07)
Path D d4% 0 (.05) .01 (.05) .11* (.05 .17* (.06)
Path E .01 (.05) .06 (.05) -06 (.06) -03 (.05
Path F 26%  (.05)  41*  (.05)  .32%  (.06) .24* (.06)
Indirect A-B 09%  (.02)  .12*%  (.03)  .08*% (.02)  .10* (.03)
Indirect A-B-F 02%¥ (.01) .05* (.01) .03* (.01) .02* (.01)
Indirect A-D 04% (.02) .00 (.02) .04% (.02) .07* (.02)
Indirect C-F 04%  (.02) .00 (.03) .03 (.02) .02 (.02)
Total effects:

AED; = Violence;+; 23% (06)  .13*  (06) .17* (06) .19% (.06)
Total effects:

AED; = Partners;+2 A% (05) 12%  (05) .03 (05) .08 (.05
> 1279* 1243* 1240* 1292*
TLI 93 .93 93 .93
RMSEA .07 .08 .08 .08

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error approximation
*p<.05
p <



Table 5.9. RYDS Three-Wave Structural Models of AED, Violence, and Pregnancy (Standardized Coefficients)

901

3 4 5 6 7
b (SE) b (SE) b (SE) b (SE) b (SE)

Path A 36%  (04) 32%  (.04)  37F (04 36 (.04)  39%  (.04)
Path B 20%  (06)  .27*  (.05) .35%  (06) .22*%  (.06) .25%  (.06)
Path C A7% 0 (06)  .14%  (.06) .01 (.06) .09 (.07) .09 (.07)
Path D .04 .07y .07 (.06) .06 (.07) .12*  (.06)  .12*  (.06)
Path E .07 (.07) .20% (06) .15% (.06) .10 (.06) .08 (.06)
Path F 25% (07) 8%  (.07) .A7*  (07) .16* (.07) .15%  (.06)
Indirect A-B 07*  (02) .09% (.02) .13* (03) .08* (.02) .10* (.03)
Indirect A-B-F .02*¥ (01) .02* (.01) .02* (O01) .01* (.01) .01* (.01)
Indirect A-D .02 (.02) .02 (.02) .02 (.02) .04* (.02) .05*% (.02)
Indirect C-F 04%  (02) .03 (.01) .00 (.01) .01 (.01) .01 (.01)
Total effects

AED; = Violence;+; 24% (05) .23*%  (06) .14* (06) .17* (06) .19% (.06)
Total effects

AED; = Pregnancy:+>  .15*  (06) .27* (06) .20* (06) .16* (05) .15*% (05)
v 1226* 1274* 1251* 1251* 1302*
TLI 93 .93 93 .93 93
RMSEA .07 .07 .08 .08 .08

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error approximation
*p<.05
<.



CHAPTER 6
AED and Gang Membership

After creating AED proxy measures and estimating their effects on general violence in
Chapters 4 and 5, I now examine the effects of the AED latent measures on individual gang
activity. These analyses rely completely on the RYDS data. I forego studying gang involvement
using the Add Health data for a few reasons. First, Add Health only asks about gang involvement
at Waves II (“Have you been initiated into a named gang?”’) and III (“Have you ever belonged to
a named gang?”), with no validating follow-up questions at either wave. Furthermore, about two-
thirds of the 149 youth in the sample who reported initiation into a gang at Wave II reported at
the following wave that they had never belonged to a gang. Due to these limitations, I do not
have confidence in the Add Health data to accurately measure gang involvement.

However, RYDS provides such rich information about gang activity that the study’s
principal investigators have published an award-winning book on the subject of gangs and
delinquency in the RYDS data (Thornberry et al., 2003). I draw on the depth of the RYDS gang
data in this chapter, exploring the relationships between AED and prevalence, duration, and
stability of individuals’ gang membership. Given the differences in measurement of the gang
variables of interest, I apply several different analytical techniques, described below.

Gang Membership

To evaluate AED and prevalence of gang membership, I use structural equation
modeling, following the same model I used the analysis of AED and violence. Gang
membership, measured at waves 2 through 9, is a dichotomous variable coded 1 if a subject

reported being a member of a “street gang or posse” since the date of the last interview.
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The model estimated in this chapter is visually represented in the path diagram in Figure
2.1. I examine the effects of AED on low self-control (path A), low self-control on gang
membership (path B), AED on gang membership directly (path C), and AED on gang
membership indirectly, through low self-control (indirect path A-B).

Table 6.1 displays the results of the SEMs modeling AED and gang membership in the
full RYDS sample. The numbers across the tops of the columns represent the wave at which
AED is measured (¢), with gang membership measured at the following wave (¢+1).
Measurement of low self-control occurs at wave 10; this variable is used in all of the models
under Gottfredson’s and Hirschi’s (1990) assumption that self-control is an invariable
personality trait.

As Table 6.1 demonstrates, the relationship between AED and low self-control (path A)
remains similarly strong across all waves, ranging from .32 (wave 4) to .39 (waves 7 and 8), with
all path A coefficients reaching significance at a level of p <.001. The direct effect of AED on
gang membership (path C) is positive and statistically significant in waves 2 (b = .15, p <.05)
and 3 (b= .16, p <.05), but becomes nonsignificant after the wave 3 model.

The indirect effect of AED on gang membership via low self-control remains significant
at a level of p <.001 across all waves, with coefficients ranging from .07 (wave 2) to .15 (wave
7). The total effect of AED on gang membership declines over time, starting at .22 (p <.001) in
the wave 2 model and falling to .02 (ns) at the wave 8 model. A comparison of the direct effect
of low self-control with the total effect of AED indicates that they are equally influential at wave
2 but low self-control is a more important predictor at subsequent waves, with coefficients as

large as .43 (p <.001). The total effect of AED on gang membership is nonsignificant beyond
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wave 3, while low self-control remains a strong predictor of gang membership throughout
adolescence.

The model fit statistics are largely similar for the seven full-sample models displayed in
Table 6.1. The TLI values are acceptable for all models, ranging from .92 to .94. The RMSEA
values are adequate.

Differences by sex.

As before, I also estimate the SEMs by sex, to determine whether the effects of AED and
low self-control on gang membership vary by sex. Because the RYDS sample is 72% male, the
male-only model results are similar to the results for the full-sample model. The usefulness of
estimating the models by sex is in more accurately modeling the relationships for the female
subjects.

The upper section of Table 6.2 presents the male-only model results; the female model
results are in the lower portion of the table. I estimate the model for the female sample for waves
2 and 3 only, when gang membership is measured at waves 3 and 4 (¢+1/). I do not include the
later waves because waves 5 through 9 each contained fewer than seven female gang members.
As in Chapter 5, I calculate z scores to allow for comparison of the coefficients in the sex-
separated models (see Appendix C). There are no significant differences between the coefficients
for the male- and female-only wave 2 models. However, the sexes do differ significantly in the
wave 3 model, on the path B, path C, and total effect coefficients. Specifically, low self-control
is a much stronger predictor of gang membership for females than males. Conversely, AED has
positive, strong, and significant direct and total effects on gang membership for males but not
females in the wave 3 model. These results indicate that at about age 15, AED affects gang

membership six months later for males, while low self-control more strongly predicts gang
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membership six months later for female RYDS participants. Few females report gang
membership at wave 4 (N = 19), and the ones who do have little control over their impulses or
tempers. These same individuals have average levels of AED. Following life history theory, I am
not surprised that AED does not predict gang membership for females, as it gives little advantage
in finding a strong mate with whom to achieve reproductive success.

In the models where AED is measured at waves 4 through 8, the male-sample results are
very similar to the full-sample results, as previously discussed. In the later waves, low self-
control is a much stronger predictor of gang membership than AED. The only exception is wave
6, where AED’s total effect of .20 is similar to the coefficient for low self-control (.17).

These findings do not unambiguously support the hypothesis that higher levels of AED
encourage gang membership for males but not females. Instead, it appears that AED affects gang
membership for females and males both in the earlier waves, but self-control mediates this
relationship, particularly for females. Also, the relationship between low self-control and gang
membership grows stronger as adolescents approach adulthood, while the importance of AED
weakens. It seems that adolescents with higher levels of AED, particularly girls, quickly mature
and begin behaving more cautiously after experimenting with risky behaviors in early- to mid-
adolescence. Those with low self-control, on the other hand, persist in delinquency into late
adolescence and early adulthood.

In the full-sample models, AED predicts gang membership only in the first two models,
when AED is measured at around ages 14.5 to 15. The influence of low self-control on gang
membership remains strong and significant throughout adolescence. Additionally, AED

significantly affects gang membership indirectly through low self-control in all of the models.
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Taken together, the results indicate that AED does predict whether one reports gang membership
in mid-adolescence, but in later adolescence, low self-control holds more sway.

These models test only whether or not one joins a gang, but there are many other
important questions about whether and how AED influences gang activity. In the remainder of
this chapter, I explore how AED affects the duration and stability of gang membership among
individuals in the RYDS sample.

Duration of Gang Membership

Next, I evaluate the effects of AED and low self-control on duration of gang membership,
that is, how many waves a subject reports gang membership, from waves 2 through 9. This
variable ranges from 0 to 8, with a mean of 0.62 because most subjects never join a gang, and
most of those who do join a gang leave it quickly. This variable is not normally distributed, as
71% of the RYDS subjects have a value of 0 for the gang duration measure (N = 573).

Table 6.3 presents the results of a negative binomial regression predicting duration of
gang membership, estimated using Mplus 5 (L. K. Muthén & Muthén, 2007). I underwent
several steps to select the negative binomial distribution for this analysis. First, upon examining
the dependent variable’s descriptive statistics, I noticed that the distribution was skewed toward
0 and that the variance (1.56) was much greater than the mean (0.62), signifying likely
overdispersion and suggesting that a negative binomial model is most appropriate in this context.
To confirm, I estimated Poisson, negative binomial, and zero-inflated Poisson and negative
binomial regressions and compared the Bayesian information criterion (BIC) values to select the
best-fitting model. The negative binomial model had the smallest BIC statistic (1634.63),

indicating the best fit for the data. Additionally, the dispersion parameter value for the negative
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binomial regression significantly differs from 0, verifying the presence of overdispersion and
confirming that a Poisson model is inappropriate for the data.

Mplus 5 does not allow for estimation of indirect effects with a negative binomial model,
so Table 6.3 contains only the unstandardized coefficients and standard errors for AED
(measured at wave 2) and low self-control.? I control for sex by adding a variable coded 1 for
male respondents and find that one’s sex does not significantly affect length of gang
membership. In examining the independent variables of interest, I find a nonsignificant
relationship for AED, but low self-control is highly predictive of duration of gang membership,
with an unstandardized coefficient of 0.96 (p <.001). For each one-standard deviation increase
in the low self-control factor, the expected log count of the number of waves in a gang increases
by almost one wave.

Low self-control likely mediates the relationship between AED and gang duration,
rendering AED nonsignificant here. In a negative binomial model without self-control (results
not charted here), AED significantly predicts gang duration with an unstandardized coefficient of
1.16 (p <.001). This is in line with the structural models predicting gang membership, where
AED affects membership indirectly, via low self-control.

The negative binomial model predicting the number of waves in which a participant
reports gang membership indicates that, of the variables in the model, low self-control is the only
significant predictor of gang duration. Although AED likely has a significant effect, it is
mediated by low self-control. As with the other models, it’s probable that omitted variables

predict duration of gang membership. However, because of the dissertation’s paramount goal of

2 | estimated this equation with AED measured at other waves and received similar findings. I present
only the wave 2 findings, measuring AED prior to most instances of gang membership.
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comparability between Add Health and RYDS datasets, I constrain this model to keep it as
simple as the others.

In this and the prior section, I find that although AED affects gang membership and
duration, it is mediated by low self-control, which exerts a stronger influence on both of these
dependent variables. In the next and final portion of the gang analysis chapter, I explore the
relationships between AED, low self-control, and the stability of one’s gang membership.
Stability of Gang Membership

Table 6.4 presents the results of a multinomial logistic regression model predicting
individuals’ stability of gang membership. To estimate this model, I extract the latent variables
created in Mplus and import the data to SAS (SAS Institute Inc., 2010). The three categories of
gang stability are compared to a reference group of nongang youth (N = 573). The short-term
category consists of subjects who participate in a gang for one wave only (N = 101); youth in the
intermittent category report multiple waves of membership but with at least one break (N = 82);
long-term gang members are those who report multiple consecutive waves of gang membership
without any breaks (N = 48).

As Table 6.4 shows, all three categories of gang members are significantly more likely to
have low self-control than their nongang peers, and short- and long-term gang members are also
more likely to anticipate an early death. Perhaps the most interesting finding in this analysis is
the finding that intermittent gang members are not significantly different from nongang youth in
terms of AED, but this group has the largest unstandardized coefficient for low self-control by
far. A one-standard deviation increase in the low self-control factor with other variables held
constant increases the log-odds for intermittent gang membership relative to non-membership by

1.45 (p <.001). The results shown in Table 6.4 indicate that intermittent gang members are
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different — compared to short- and long-term gang members (relative to nongang youth),
intermittent gang members are less likely to expect to die young and more likely to have low
self-control. The intuitive conclusion to draw from Table 6.4 is that individuals with poor
impulse or temper control continue to join a gang even after exiting the group one or more times;
they just can’t stay away.

Higher levels of both AED and low self-control are significantly associated with both
short- and long-term gang membership, compared to nongang youth. The coefficients for these
two stability categories are similar in terms of direction, magnitude, and significance.
Summary

In this chapter, I examine the effects of the latent measures of AED on individuals’
prevalence, duration, and stability of gang membership in the RYDS dataset. In the full-sample
structural models, AED predicts gang membership only in the first two models, when AED is
measured at around ages 14.5 to 15. The influence of low self-control on gang membership
remains strong and significant throughout adolescence, though. Additionally, AED significantly
affects gang membership indirectly through low self-control in all of the models. Taken together,
the results indicate that AED does impact whether one reports gang membership in mid-
adolescence, but in later adolescence, low self-control exerts more influence.

The sex-separated structural models reveal some interesting differences. These findings
show that AED affects gang membership for females and males alike in the earlier waves, but
self-control moderates this relationship, particularly for females. Also, the relationship between
low self-control and gang membership grows stronger as adolescents approach adulthood, while
the importance of AED weakens. This is the same pattern I discover in Chapter 5’s exploration

of violence.
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Next, I estimate a negative binomial model predicting the number of waves in which a
participant reported gang membership. Of the variables in the model, low self-control is the only
significant predictor of gang duration. If AED affects gang duration, it is mediated by self-
control. This is likely, given the results of the structural models that show AED influencing gang
membership indirectly through low self-control. As with the other models, it’s probable that
omitted variables predict duration of gang membership. However, because of the principal goal
of comparability between Add Health and RYDS datasets, I constrain this model to maintain
simplicity.

In the final analysis in this chapter, I study the relationships between AED, low self-
control, and stability of gang membership. The multinomial logistic regression reveals that all
three categories of gang members (i.e., short-term, intermittent, and long-term) are significantly
more likely to have low self-control than their nongang peers, and short- and long-term gang
members are also more likely to anticipate an early death. The most fascinating finding in this
analysis is the discovery that intermittent gang members are no different from nongang youth in
terms of AED, but low self-control substantially increases the likelihood of intermittent gang
membership — with other variables held constant, a one-standard deviation increase in the low
self-control factor increases the log-odds for intermittent gang membership relative to non-
membership by 1.45 (p <.001). It appears that after exiting a gang, individuals with low self-
control keep coming back.

Higher levels of both AED and low self-control are significantly associated with both
short- and long-term gang membership, compared to nongang youth. The coefficients for these
two stability categories are similar in terms of direction, significance, and magnitude, but AED

might play different roles for these groups. Those who do not foresee a long future may join a
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gang for protection (i.e., to improve their chances of survival) or because they feel they have
nothing to lose and gang involvement seems enjoyable. Similarly, AED could drive either
desistance from gang activity (logically, exposure to violence should encourage one to avoid that
environment) or sustained gang involvement (if one feels no sense of control over what
happens). This underlines the importance of disentangling the causal relationship between AED
and risk-taking behaviors.

In both the structural models predicting gang membership and the negative binomial
model predicting length of time in the gang, I find that although AED affects both gang
membership and duration, its effect is mediated by low self-control, which exerts a stronger
influence on both of these dependent variables than does AED. Upon exploring the stability of
gang membership, though, I find that low self-control is a stronger predictor of intermittent gang
membership specifically. Conversely, AED exerts a stronger influence on both short- and long-
term gang membership patterns, compared to self-control. It is clear that AED and low self-
control are interrelated and have varying effects on risky behaviors.

In the next and final analysis chapter, I delve into an understudied and critical question in

the criminological AED literature — which comes first, risky behavior or future discounting?

116



LT1

Table 6.1. Structural Models of AED and Gang Membership (Standardized Coefficients)

2 3 4 5 6 7 8

b (SEY b (SE) b (SE) b (SE) b (SE) b (SE) b (SE)
Path A 33%  (04) 36* (04) 32% (04) 37* (04) 36* (04) 39% (04) .39% (.04
Path B 22%(.06)  37* (07) .43% (08) .39% (.09)  28*% (.08) .39% (.09) .34* (.12)
Path C A5% (07)  .16* (08) -07 (08) -05 (09) .02 (08) -11 (09) -11 (11
Indirect A-B 07% (.02)  .13* (.03)  .14* (03) .14* (04) .10* (.03) .15% (.04) .13* (.05)
AED total effect  .22*% (06) .29% (07) .07 (07) .09 (08) .12 (08 .04 (09) .02 (09
N 1208* 1205%* 1251* 1243* 1216* 1284%* 1202%*
TLI 92 93 93 93 93 93 94
RMSEA 07 07 .08 .08 .08 .08 08

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error approximation

* < .05
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Table 6.2. Structural Models of AED and Gang Membership by Sex (Standardized Coefficients)

Male 2 3 4 5 6 7 8

b (SE) b (SE) b (SE) b (SE) b (SE) b (SE) b (SE)
Path A 35*% (.05) 36%  (.05) 33* (.05) 39*%  (.05) 39*% (.05) A40*  (.05) 39*%  (.04)
Path B 18%  (.08) 28%  (.09) 38%  (.09) A40*%  (.09) A7*% (.09) A1*% (11 39*%  (113)
Path C 16*  (.08) 30%  (.09) -.01 (.08) -.04 (.09 A3 (110)  -29*% (.09) -13  (.12)
Indirect A-B .06%  (.03) 10%  (L03) 2% (.03) A5% 0 (.04) 07  (.04) 16%  (.05) 5% (.05)
AED total effect  .22*% (.07) A40*%  (08) A1 (08) A1 (08) 20%  (09) -13  (.08) 02 (1)
v 817* 817* 872* 870* 835* 935* 792*
TLI .92 .93 .93 .93 .93 93 .94
RMSEA .07 .07 .08 .08 .08 .08 .08
Female 2 3

b (SE) b (SE)
Path A 33*  (.08) 37% (.07)
Path B 37*%(.09) 66%  ((14)
Path C 09 (12) -29 (.15
Indirect A-B 2% (.04) 24*%  (.08)
AED total effect .21  (11) -.05 (.13)
2 275* 300*
TLI .90 91
RMSEA .08 .09

SE = standard error; TLI = Tucker-Lewis Index; RMSEA = root mean square error approximation

* < .05

Note: Female-only models are not estimated for AED measured at waves 4 through 8 because waves 5 through 9 (i.e., #+17) all had
fewer than 10 female gang members.



Table 6.3. Negative Binomial Model Predicting Duration of Gang Membership

(Unstandardized Coefficients)

Coef. (SE)
Male 0.20 (.17)
AED» 0.45 (.32)
Low self-control 0.96***  (.15)
Intercept -0.80***  (.15)
Log likelihood -800.59

sk < 001
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Table 6.4. Multinomial Logistic Regression Predicting Stability of Gang Membership

(Unstandardized Coefficients)

Short-term Intermittent Long-term
Coef. (SE) Coef. (SE) Coef. (SE)
Male -0.22 (.24) 0.57 (.33) -0.46 (.32)
AED> 1.40**  (.51) 0.44 (.55) 1.50* (.71)
Low self-control 0.58%* (.22) 1.45%**  (.24) 0.83** (.31)
Intercept -1.64 (.19) -2.61 (.30) -2.28 (.26)

Likelihood ratio >~ 86.24%***
*p <.05; **p <.01; ***p <.001
Note: Stability categories are compared with a baseline group of nongang youth.
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CHAPTER 7
Autoregressive Cross-Lagged Panel Models

In Chapters 5 and 6, I estimate structural models measuring the effects of AED on
violence and gang membership one wave later. These models test the theory that AED
encourages adolescents to engage in risk-taking behaviors because they believe they have
nothing to lose. However, the reverse may also occur — youths may experience fatalistic beliefs
because of their engagement in dangerous and risky behaviors.

Previous research found reciprocal effects between AED and risky health behaviors —
AED predicted later risky health behaviors and vice versa (Borowsky et al., 2009). A key benefit
of the RYDS data is the large number of observations periods, monitoring a sample of at-risk
youth at six-month intervals throughout their teenaged years. The use of many waves of data,
especially collected so close in time, allows for a better understanding of how AED and risky
behaviors change and influence each other over time. To further examine this relationship, I
employ cross-lagged panel models using waves 2 through 9 of the RYDS, as illustrated in
Chapter 2 (Figure 2.2). As with the previous SEMs, I estimate the models using the Mplus
software program (L. K. Muthén & Muthén, 2007).

An autoregressive cross-lagged panel model measures the effect of one construct on
another measured at a later time, accounting for previous levels of the dependent variable (Selig
& Little, 2012). In the context of my dissertation, I estimate the effect of risk-taking behaviors at
wave ¢t on AED at wave 7+1, and vice versa — this is the cross-lagged portion of the model. The
autoregressive component of the model controls for the effect of each variable at one period on

the same variable at the next period (e.g., the effect of AED; on AED+;). Additionally, the model
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estimates the correlation between the variables at the first wave in the model. The autoregressive
component of the model allows the researcher to rule out the likelihood that an apparent cross-
lagged effect is in fact due to a correlation between the variables at the first time period (Selig &
Little, 2012, p. 266). The autoregressive cross-lagged panel model is somewhat difficult to
understand in text, but becomes very clear when illustrated. To present the findings as clearly as
possible, this chapter’s results are presented in minimalist figures including only coefficients and
asterisks denoting significance at a level of p <.05; standard errors are available upon request.
AED and Violence Prevalence

I first estimate the models with AED and violence prevalence. To preserve the simplicity
and clarity of the model, I forego inclusion of covariates.?* However, as with the structural
models estimated in Chapters 5 and 6, I estimate separate models by sex.

Figure 7.1 presents the results of the autoregressive cross-lagged structural model of
AED and violence for the full RYDS sample. The correlation between AED and violence at
wave 2 is statistically significant at .18 (p <.001), indicating a relationship between the two
variables. Both AED and violence demonstrate high stability. The average of the stability
coefficients for AED is .87; this variable is highly stable from one wave to the next. For
violence, the stability coefficient from wave 2 to wave 3 is .53, much lower than those for the
other between-wave relationships (although still highly significant). This is likely because
violence is most prevalent at wave 2, with participation in violent activity declining steeply by
wave 3. In wave 2, over a third of the sample report violence (N = 278); in wave 3 that number

declines by 19%, to 224. In wave 4, 216 respondents report violence, a decline of just 4% from

24 Also, Mplus does not compute standard errors or significance statistics when covariates are included in
a robust weighted least squares model. Given the choice, I opt to estimate a simpler model with standard
errors and significance tests rather than one with covariates but a hampered ability to interpret the
findings.
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the prior wave. The stability coefficients for the later waves are stronger, then, because most
individuals have completed the experimentation phase and are more consistently violent or
nonviolent from wave to wave.

The key relationships of interest in the model presented in Figure 7.1 are represented by
the diagonal lines in the middle of the figure. These lines represent the relationship of one
variable measured at one wave (¢) on the other variable measured six months later, at the
subsequent wave (¢#+1). There are few significant coefficients on these lines. The largest
coefficient in the middle area of the figure is .16 (p <.001), for the relationship of AED at wave
2 on violence at wave 3. This indicates that AED at about age 14.5 strongly predicts violence at
age 15.

There are three other significant coefficients in the model. The relationship from wave 5
violence to AED at wave 6 is significant (b =-.08, p < .01), indicating that engaging in violence
at around age 16 is related to decreased AED six months later. The negative relationship is
unexpected and counterintuitive. However, scholars have found that youths growing up in
dangerous environments often use violence to gain a sense of power and invincibility (Anderson,
1999; Lorion & Saltzman, 1993; Silberman, 1978; Tolleson, 1997). This significant negative
relationship, indicating that those who engage in violence have a lower subsequent score on the
AED factor, therefore has some support in prior research. The other significant relationships are
from wave 6 (age 16.5) to wave 7 (age 17). AED at wave 6 significantly predicts violence at
wave 7 (b =.13, p <.01) and violence at wave 6 predicts AED six months later (b = .08, p <.01).
These relationships are in the expected direction.

Although there are some sporadic significant coefficients, the model presents no clear

pattern between AED and violence engagement throughout adolescence. Future research should

123



explore these relationships throughout adolescence in greater depth, to determine whether, how,
and why AED and violence influence each other differently at certain ages.

Differences by sex.

Figure 7.2 presents the results of sex-separated autoregressive cross-lagged panel models
of AED and violence prevalence. In the model for males only, the sole significant cross-lagged
relationship is the one between AED at wave 6 and engagement in violence at wave 7 (b = .16,

p <.01). The lack of a cross-lagged relationship for males is surprising given the existing
literature demonstrating a link between fatalistic attitudes and violence among males (Alexander,
1979; Ellis et al., 2012; Wilson & Daly, 1985). One possible explanation is that the period of
examination here begins too late. The autoregressive component of the model allows one to rule
out the possibility that the effect of one variable on the other is merely due to the correlation
between the variables at the first observation period, rather than a causal mechanism at later
waves. It’s possible that this explains the unexpected findings here, particularly in view of the
findings from Chapter 5, where AED directly and indirectly affects violence in the two-wave
SEMs. Those significant coefficients may have actually been due to an earlier correlation
between the variables. To clarify the relationship between AED and violence, then, it’s likely
necessary to begin the observation prior to adolescence. A longitudinal study of youth measuring
AED and externalizing behaviors beginning at younger ages might be necessary to identify when
AED begins, and to determine whether it affects delinquency.

The autoregressive cross-lagged model for females also reveals some interesting and
unexpected findings. AED predicts engagement in violence from waves 2 to 3 (b = .37,
p<.001),3t04 (b=-27,p<.01),and 4 to 5 (b = .23, p <.05). Conversely, violence

significantly predicts AED from waves 5to 6 (b=-.14, p<.05)and 6 to 7 (b =.19, p <.001).
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These fascinating patterns in the females-only model suggest that AED influences violence in
earlier adolescence, but violence affects AED in later adolescence. However, the findings do not
present a straightforward pattern. AED increases the likelihood of violent engagement from
waves 2 to 3 and 4 to 5. Conversely, AED lowers the likelihood of violence from wave 3 to 4.
The reason for the change in the direction of the relationship is unclear. Something similar
occurs later — violence is linked to lower AED from waves 5 to 6 but higher AED from waves 6
to 7. Again, it’s unclear why violence would decrease AED in one part of the model but increase
AED in the next segment. One possible explanation is that just a few females who engage in
violence drive the findings due to their outlier status. This is likely, given that some waves
contain as few as 20 (9%) females who engage in violence. At most waves, just one violent
female has a low level of AED (i.e., her AED factor score is less than the variable mean minus
one standard deviation). However, in a couple of waves, multiple violent females (three at wave
4, six at wave 6) fall in the low AED range. With such a small sample, a few surprising values
can result in unexpected findings.

As with the sex-separated structural models estimated in the previous chapters, I also
estimate z scores to evaluate the differences between the coefficients for the male- and female-
only models (Appendix C). The difference-of-coefficients tests reveal a number of significant
differences between the sexes. The coefficients for the paths from AED; to violences (z =-2.70)
and AED7 to violences (z = -2.38) are significantly larger for females than males, indicating that
AED more strongly predicts engagement in violence for females than for males, at least around
ages 14 and 17, although the coefficient for AED7 to violences is not significant. The finding for
wave 2 AED may result from the same explanation proposed in Chapter 5’s description of

differences in AED and violence prevalence by sex. It appears that females must reach a higher
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threshold of AED before they become violent, whereas males with any level of AED might
engage in violence.

I find the opposite for another path — the coefficient for the path from AED3 to violence
(z=2.87) is larger for males than females. However, the coefficient in the males-only model is
nonsignificant, while the females-only model coefficient is negative and highly significant
(b=-.27, p <.01). For females, higher AED at wave 3 corresponds to a lower likelihood of
violent engagement six months later. This finding is likely driven by a few violent females with
low AED values.

The model fit statistics for the male models are similar to those for the full-sample
models, but the fit statistics for the female models are worse than for the full-sample models. The
TLI of .92 reaches the threshold of acceptability. The RMSEA value for the females-only model
is .09; an RMSEA greater than .08 indicates a poor model fit (Schumacker & Lomax, 2010).
Taken together, these fit statistics indicate that the model is a poorer fit for the females relative to
the males.

AED and Gang Membership

Figure 7.3 displays the results of cross-lagged panel models of the relationship between
AED and gang membership in the RYDS data. The stability coefficients for both AED and gang
membership are all significant at a level of p <.001. The only statistically significant cross-
lagged relationship is the one between AED; and gangs (b = .19, p <.001), indicating that higher
levels of AED at around age 14.5 increase the likelihood of gang membership six months later.
The lack of significant findings between later waves may be due to the correlation between AED

and gang membership at wave 2, or because gang membership falls off steeply after wave 2 and
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there are too few gang members to accurately track the relationship as the RYDS sample ages.
Or, it may simply be that AED does not influence gang membership beyond age 15.

This model has the best fit of all the SEMs estimated thus far. The TLI values
comfortably reach the traditional cutoff value of .90, and the RMSEA of .06 falls within the
acceptable-to-good range. These statistics indicate that the model fits the data well.

Differences by sex.

Figure 7.4 displays the results of the sex-separated autoregressive models of AED and
gang membership. Because waves 5 through 9 each have fewer than 10 female gang members, I
limit the sex-separated gang membership models to waves 2 through 4.

The left-hand model in Figure 7.4 shows the results of the male-only model. Here, AED
significantly predicts gang membership from waves 2 to 3 (b =.21, p <.001) and 3 to 4 (b = .18,
p <.001). Gang membership does not predict AED. This unambiguously signals the direction of
the relationship between AED and gang membership for adolescent males. For male RYDS
participants, AED at one wave significantly predicts gang membership six months later, even
accounting for the correlation between the variables at wave 2. This suggests that a fatalistic
attitude increases the likelihood of taking a risk by joining a gang. The reverse is not true; gang
membership does not causally impact AED. Experiencing the danger related to gang
membership does not impact the level of fatalism felt by adolescent males.

The model on the right in Figure 7.4 illustrates this relationship for the RYDS female
subsample. In this model, the only significant relationships are the correlation between AED and
gang membership at wave 2 and the stability coefficients measuring the autoregressive effects.

None of the coefficients in the center of the figure, showing the cross-lagged elements of the
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model, reach significance. These results indicate no causal relationship between AED and gang
membership for females, although the two variables correlate significantly at wave 2.

The results of the sex-separated cross-lagged models of AED and gang membership
support the hypothesis that AED influences delinquent behavior for males but not females. This
supposition has not found support in the other models estimated in the dissertation, but the
models discussed in this section fit the data considerably better than the other models have. The
panel models in Figure 7.4 fit the data quite well, with TLIs of .98 and .96 for males and females
respectively, and RMSEA values of .05 and .06. What’s more, the ¥ values for the sex-separated
models are not statistically significant, indicating a perfect fit for the data. These models provide
evidence of a positive and significant effect of AED on gang violence among male subjects, but
no cross-lagged relationships between AED and gang membership for females.

Summary

The results of the autoregressive cross-lagged panel models estimated in this chapter add
to the complexity of the relationship between AED and risk-taking behavior. Although the two-
wave structural models estimated in Chapters 5 and 6 generally show significant direct and/or
indirect effects of AED on violence and gang membership six months later, the cross-lagged
models do not. This might be partially due to the fact that involvement in violence and gang
membership declines sharply after wave 2, resulting in more stable relationships across time
during the later waves. One of the limitations of autoregressive models is that they do not
describe within-person stability for the variables; a large stability coefficient can indicate several

different things (Selig & Little, 2012).2> Another potential explanation for the apparent

25 Here, a large stability coefficient for violence can indicate that: (1) respondents’ violent offending does
not change over time, (2) respondents uniformly increase or decrease violence levels over time, or
(3) respondents systematically increase and decrease in their violent offending over time.
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discrepancy between the two-wave SEMs and the panel models is that the effects seen before, in
models with shorter timeframes and without an autoregressive component, may be due to an
earlier correlation between AED and the risk-taking variables. When the panel models control
for these correlations, the cross-lagged effects largely disappear.

The main exception to this finding is in the male-only panel model of AED and gang
membership. In this model, AED predicts gang membership six months later, from waves 2 to 3
and 3 to 4. Gang membership does not predict AED. The male-only panel model of AED and
gang membership is also the best fit for the data, with fit statistics much better than those for all
the other models. This indicates that for males, AED is a causal factor in gang membership, even
after controlling for the correlation between AED and gang membership.

To better evaluate the causal relationships between AED and risk-taking behaviors
throughout adolescence, future research should estimate autoregressive cross-lagged panel
models and begin with younger participants. This will better enable the researcher to identify the
point at which AED develops in children, likely prior to any engagement in serious violent
activity. Beginning a panel model at an age when AED and delinquency likely do not correlate
with each other will improve the chances that clearer causal relationships between AED and
risky behaviors will emerge.

This chapter concludes the dissertation’s analyses. In the next and final chapter, |
synthesize and discuss the results from Chapters 4 through 7, examining the findings and how

they fit (or do not fit) within life history theory.
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CHAPTER 8
Summary and Discussion

This chapter provides a summary and discussion of the dissertation. First, I present an
overview of the study and theoretical model. Next, I review the results presented in Chapters 4
through 7. Following this, I discuss the theoretical and policy implications of significant
findings. Finally, I conclude with a discussion of the study’s limitations and ways in which
future research can further explore the relationships between AED and risk-taking behaviors.
Study Overview

This dissertation endeavors to determine the effects of anticipated early death on violent
delinquency and gang activity, two specific and especially problematic risk-taking behaviors.
Life history theory suggests that exposure to a stressful and negative environment results in AED
and a corresponding biological drive to procreate. In this evolutionary framework, females strive
to enter a committed, monogamous relationship with a partner who can contribute to the family’s
childrearing efforts (Sylwester & Pawtowski, 2011). When facing a shortened life expectancy,
women may respond by becoming sexually active and pregnant at younger ages (Caldwell et al.,
2006; Wilson & Daly, 1997). In contrast, the best way for men to achieve reproductive success is
by maximizing the number of sexual partners, to increase the chances that one’s genes will be
passed on. Fatalism and discounting of the future increase the likelihood of risk-taking behavior
because, particularly among young males, such actions can improve one’s status and dominance,
and, therefore, one’s chances of reproductive success. In such situations, males employ a high-

stakes, high-reward strategy.
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A general aim of this study is to quantify AED, devising a measure researchers can apply
to existing and future social science datasets. The specific objectives of the dissertation are as
follows:

Objective 1: Operationalize a quantifiable measure of AED.

Objective 2: Examine the impacts of AED on individual violence and gang activity
(including gang membership, duration, and stability), two extremely risky
behaviors.

Objective 3: Determine the causal ordering of AED and delinquent risk-taking behaviors
(i.e., violence and gang activity).

In focusing on these three objectives, this study contributes to the literature in several
ways. First, [ answer Piquero’s (2016) call for additional measures of AED, quantitative studies
of AED, use of longitudinal data in exploring AED, and examination of AED in samples of
offenders. Caldwell and colleagues (2005) also issued a call for more research on AED to create
valid and reliable measures, explore the etiology of AED, and investigate assorted outcomes
such as pregnancy and delinquency. To address these gaps in the literature I use two longitudinal
datasets to operationalize AED, then capitalize on the sample of at-risk individuals in the
Rochester Youth Development Study to examine the effects of AED on criminality over time.
Previous quantitative studies on AED in criminology (i.e., Brezina et al., 2009, Piquero, 2016,
and Tillyer, 2015) explored its effect on offending in general. This dissertation focuses on
violence and gang activity to explore the relationship between AED and these specific risk-
taking behaviors.

To quantify AED (Objective 1), I estimate second-order factor analysis models to create

latent constructs that measure the shared variance of known AED correlates. The presence of
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variables that explicitly measure AED in the Add Health data allows for validation of the factor
variables by comparing them with the direct AED measures. Replication of the second-order
factor analyses in the RYDS data facilitates latent measurement of AED with strengthened
confidence in the measures.

To examine the impacts of AED on violent delinquency and gang activity (Objective 2), I
employ structural equation models with the AED factor variables measured at time # and the
endogenous delinquency variables measured one wave later, at time ¢+/. To briefly describe the
theoretical model (Figure 2.1), I hypothesize that higher levels of AED are associated with
greater likelihood of violence and gang involvement. I also expect that low self-control mediates
this relationship due to its strong associations with both AED and delinquency. For more specific
research questions about gang activity, I estimate a negative binomial regression equation
predicting gang duration and a multinomial logistic regression predicting stability of gang
membership, with the expectations that higher levels of AED correspond to longer, more stable
periods of gang involvement.

In addressing the third objective of the study, I tackle the chief problem in criminological
AED research — the establishment of causal ordering of AED and risk-taking behavior. Previous
research found reciprocal effects between AED and risky health behaviors (Borowsky et al.,
2009), but I know of no prior research testing for reciprocal effects between AED and
delinquency. The use of the RYDS data, with its many observation periods collected so close in
time, allows me to explore how AED and risky behaviors change and influence each other over

time. [ accomplish this with autoregressive cross-lagged panel models.
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Summary of Results

Measurement of AED.

In Chapter 4, I meet the first study objective by using two secondary datasets to create
latent measures of future discounting. Including identical or similar measures in both the Add
Health and RYDS models, I find that many of the same variables load strongly to build latent
measures of AED in both samples (Table 4.2; Table 4.5). Specifically, depression, low self-
esteem, low attachment to parents, and low connection to school all load onto the AED factor
variables at each wave in both the Add Health and RYDS datasets.

However, I also find discrepancies between the two data sources. In the Add Health data
only, poor academic performance, receipt of public assistance, and living in an unsafe
neighborhood (at Wave I) also load onto the latent AED constructs. These variables do not load
in the RYDS data, but the measure of parental unemployment does (albeit in waves 3, 5, and 8
only). These findings suggest dissimilarities in the measurement of AED in different samples.
The Add Health sample is nationally representative, while the RYDS oversampled males and
youths at risk of delinquency. Consequently, the RYDS sample is more homogeneous in several
ways; this may account for the non-loading of public assistance receipt and living in an unsafe
neighborhood. The divergence in poor academic performance may result from measurement
differences in the two datasets (self-reported grade point average in Add Health vs. official
standardized math test scores in RYDS). Although there are some differences in AED
measurement between Add Health and RYDS, the measurement models are quite similar for the
two sexes within each dataset, suggesting that the same factors contribute to AED for males and

females alike.
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After creating the latent constructs using second-order factor analysis, I evaluate the
reliability and validity of the measures to confirm that they measure AED as intended. The use of
several different methods (i.e., computation of Cronbach’s alpha values and correlations with
direct AED measures as well as delinquent and reproductive behaviors) bolsters the validity of
the AED factor variables in the Add Health and RYDS samples.

AED and violence.

In Chapter 5, I estimate structural equation models to examine the effects of the latent
measures of future discounting on violent behavior in both the Add Health and RYDS samples,
testing the theoretical model illustrated in Figure 2.1. These structural models demonstrate that,
generally speaking, violent behavior is substantially influenced by AED, low self-control, and
AED via low self-control. Low self-control significantly predicts violence in all of the full-
sample models presented in Chapter 5 (see Table 5.1, Table 5.4, and Table 5.6). Additionally,
AED’s indirect effect on violence (through low self-control) is significant in all of the full-
sample models for Add Health and RYDS alike. Accordingly, the total effect of AED on
violence is significant in the Add Health and RYDS full-sample models.

These findings are consistent with life history theory and with prior research on AED,
self-control, and violence. However, the models do not reliably support one hypothesized
relationship. The only path lacking a statistically significant coefficient in all of the full-sample
Add Health and RYDS models presented in Chapter 5 is the direct effect of AED on violence
(path C). In the Add Health data, AED at around age 16 negatively and significantly impacts
violence prevalence five years later. Perhaps those with fatalistic attitudes behave with greater
caution in early adulthood, in the hopes of improving their life chances. In the RYDS data, AED

at ages 14.5 to 15.5 positively and significantly impacts both violence prevalence and variety six
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months later. By later adolescence and young adulthood, though, AED no longer predicts violent
behavior. Instead, low self-control has a greater influence. It may be the case that younger
adolescents engage in violence more purposefully and less impulsively due to a need to establish
status or as part of socialization by older teenagers (e.g., Canada, 1995). By the later teenaged
years, though, self-control is the stronger predictor, perhaps because those with higher AED have
learned “the code of the street” (Anderson, 1999), resulting in greater comfort with spontaneous
use of violence.?® Future research should examine the influence of peers within the life history
framework. Another possibility is that self-control is not a stable trait, as Gottfredson and Hirschi
(1990) posit. The fact that self-control is measured only at wave 10 in the RYDS, when subjects
are about 20 years old, may explain the strengthened relationship between self-control and risky
behaviors as subjects age — it may be simply that the relationship strengthens as the temporal
distance between the variables diminishes.

AED and gang membership.

In Chapter 6, I examine the effects of the latent measures of AED on individuals’
prevalence, duration, and stability of gang membership in the RYDS data. In the full-sample
structural models, AED predicts gang membership only in the first two models, when AED is
measured at around ages 14.5 to 15 (Table 6.1). The influence of low self-control on gang
membership remains strong and significant throughout adolescence, though. Additionally, AED
significantly affects gang membership indirectly through low self-control in all of the models.
Taken together, the results indicate that AED does impact whether one reports gang membership

in mid-adolescence, but in later adolescence, low self-control has more influence.

2 For example, in saying, “I remember clearly the time in my life that I knew nothing of violence and
how hard I worked later to learn to become capable of it,” Canada (1995, p. 23) exemplifies the street
socialization process.
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The sex-separated structural models reveal some interesting differences (Table 6.2).
These findings show that AED affects gang membership for both sexes in the earlier waves, but
self-control mediates this relationship, particularly for females. It appears that AED is strongly
linked to low self-control for females, and low self-control is what predicts gang membership.
This finding is expected within the life history theoretical framework — AED does not directly
correspond to gang membership for females, perhaps because gang involvement is unlikely to
improve a young woman’s chances of finding a desirable childrearing partner.

To study the relationship between AED and length of time in the gang, I estimate a
negative binomial regression because most RYDS participants spend a short period of time in the
gang, if they are gang-involved at all. Of the variables in the model, only low self-control
significantly predicts gang duration (Table 6.3). It is likely that AED contributes to the length of
time one spends in a gang, but its effect is mediated by self-control. Discounting the future
results in gang activity for those who also have difficulty with impulse and temper control. This
is further supported below, in the last regression model.

Finally, I study the relationships between AED, low self-control, and stability of gang
membership. The multinomial logistic regression reveals that youths in all three categories of
gang members — that is, short-term, intermittent, and long-term gang members — are significantly
more likely to have low self-control than their nongang peers (Table 6.4). Short- and long-term
gang members are also more likely to anticipate an early death. The most intriguing finding in
this analysis is the discovery that intermittent gang members do not significantly differ from
nongang youth in terms of AED, but low self-control substantially influences intermittency of

gang membership, more so than short- or long-term gang involvement.
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In both the structural models predicting gang membership and the negative binomial
model predicting length of time in the gang, I find that although AED affects gang membership
and duration, its effect is mediated by low self-control, which exerts a stronger influence on both
of these dependent variables than does AED. Upon exploring the stability of gang membership,
though, I find that low self-control is a stronger predictor of intermittent gang membership
specifically. Conversely, AED exerts a stronger influence on both short- and long-term gang
membership patterns, compared to self-control. This finding likely results from the fact that
intermittent gang members actually report more waves of gang involvement than the long-term
members do. The findings further suggest a difference between AED and low self-control. Those
who have high levels of AED join the gang for one period (i.e., short- and long-term gang
members), then desist permanently. Intermittent gang members do not differ from nongang youth
in terms of AED. However, low self-control corresponds much more to intermittent gang
membership than to any other gang stability category. It seems that those who have trouble
controlling their impulses and their tempers are more likely to enter and exit a gang numerous
times, rather than leave the group for good after one period of experimentation.

Causal ordering of AED and risk-taking behavior.

In Chapter 7, I estimate autoregressive cross-lagged panel models with the RYDS data in
an attempt to determine whether AED causes risk-taking behaviors, or if the reverse is true.
Previous research found reciprocal effects between AED and risky health behaviors — AED
predicted later risky health behaviors and vice versa (Borowsky et al., 2009). A key benefit of
the RYDS data is the large number of waves of data, collected from a sample of at-risk youth at
six-month intervals throughout the teen years. The use of many waves of data, especially

collected so close in time, allows for a better understanding of how AED and risky behaviors
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change and influence each other over time. An autoregressive cross-lagged panel model
measures the effect of one construct on another measured at a later time, accounting for previous
levels of the dependent variable as well as the correlation between the two constructs at the first
observation period (Selig & Little, 2012).

The results of the panel models estimated in Chapter 7 enhance the complexity of the
relationship between AED and risk-taking behavior. Although the two-wave structural models
estimated in Chapters 5 and 6 generally show significant effects of AED on violence and gang
membership six months later, the cross-lagged models do not consistently produce the same
conclusions. This might be partially due to the fact that involvement in violence and gang
membership declines steeply after wave 2, resulting in more stable relationships across the later
waves but less apparent stability in the earlier waves. A limitation of autoregressive models is
that they do not describe within-person stability, so a large autoregressive coefficient can
indicate several different things (Selig & Little, 2012). Here, it appears that the stability
coefficients for risk-taking behaviors indicate a drop in the behavior from waves 2 to 3, but little
or no change over time in the later waves. Another potential explanation for the discrepancies
between the two-wave SEMs (Chapters 5 and 6) and the autoregressive cross-lagged models
(Chapter 7) is that the effects seen in Chapters 5 and 6, in models with shorter timeframes and
without an autoregressive component, result from an earlier correlation between AED and the
risk-taking variables. When the panel models control for these correlations, the cross-lagged
effects vanish, for the most part.

The male-only panel model of AED and gang membership (Figure 7.4) is an exception to
this finding; AED predicts gang membership six months later, from waves 2 to 3 and 3 to 4.

Gang membership does not predict AED. The male-only panel model of AED and gang
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membership is also the best fit for the data, with fit statistics substantially better than those for all
of the other models. This indicates that for males, AED is a causal factor in gang membership,
even after controlling for the correlation between AED and gang membership.

Implications

The previous section gave an overview of the dissertation’s findings. Here, I highlight
key findings and consider their implications for research and practice.

Criminal justice agencies’ strategies to reduce violence and gang activity often emphasize
deterrence from criminal behavior. These policies rely on the logic that the threat of harsh
punishment discourages individuals from crime. However, such strategies will fail if individuals
do not fear these consequences. This may occur when one feels that he or she has nothing to lose
and/or no future to look forward to. Many youths embody this “live fast, die young” mentality,
particularly those already at risk of delinquency due to other risk factors. For years, qualitative
studies have suggested that many delinquent adolescents possess fatalistic attitudes, and that
such beliefs are significantly related to outcomes such as drug use and offending (Anderson,
1999; Hoffman, 2004; Tolleson, 1997). Despite the indication that AED is a crucial correlate of
delinquent activity, only recently have criminologists begun to directly examine this concept.

Given the numerous deleterious effects of AED, several researchers have suggested that
pediatricians, social workers, and others who work with children ask about perceived risk of
death to improve health outcomes and increase chances of effective prevention of risky
behaviors (Borowsky et al., 2009; Duke, Borowsky, et al., 2011; Jamieson & Romer, 2008;
Nguyen et al., 2012). The findings of this study may benefit practitioners who can use this
research to create a youth AED risk assessment instrument. For example, a risk assessment

worksheet that assigns points for characteristics that predict AED (low self-esteem, depression,
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low attachment to parents, etc.) can help school employees, doctors, community supervision and
corrections officers, and others who work with at-risk youth identify those most likely to
anticipate an early death. Of course, the simplest way to identify these individuals is to ask them
when they believe they will die. A risk assessment instrument, however, would permit
practitioners to avoid asking such an uncomfortable question while also illuminating why the
youth harbors a fatalistic attitude, allowing for personalized interventions. Furthermore, such an
instrument could enable practitioners to screen for young children at risk of AED but who may
not yet express fatalistic attitudes.

It is beyond the scope of this dissertation to prescribe specific policies or programs that
will effectively reduce AED and delinquency. However, the finding that low self-esteem,
depression, low attachment to parents, and poor connection with school are all strongly related to
AED in both the Add Health and RYDS samples indicates that in order to reduce or prevent
AED in individuals, these factors must be addressed. Low self-esteem has the strongest
relationship with the AED factor variables by far, followed closely by depression. Efforts to
enhance self-esteem and lower depression should help in reducing AED in children by giving
them a stronger sense of control over their lives and more hope for the future.

Low attachment to parents and connection with school are the other two strongly related
factors in all of the measurement models. Other research shows that these variables are also
strongly and independently related to delinquency (Thornberry, Lizotte, Krohn, Farnworth, &
Jang, 1991). Strengthening child-parent attachment and enhancing students’ sense of connection
with their schools should reduce both AED and delinquency by improving the youth’s bond to

society, investment in conventional values, and aspirations for achievement.
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Although the variables measuring negative neighborhood environment do not strongly
relate to AED here, others’ research indicates that more research on ecological factors and AED
is warranted. The lack of consistent findings here is surprising given the extensive literature on
communities’ effects on young residents’ AED. However, my findings do not suggest that
neighborhood does not influence AED. For one thing, the item measuring whether a respondent
lives in an unsafe neighborhood does load in the Add Health Wave I model, with a loading of
.33. In the Wave Il model, that loading is .29 — just short of the .30 cutoff value. In the RYDS
models, the neighborhood factor variable comprises the adolescents’ parents’ responses. Parents
may not feel the same way about the community as their children do; this might be why the
measure fails to load onto the AED factor variable. Other measures more directly related to
mortality, such as neighborhood life expectancy or frequency of funerals or violent incidents like
drive-by shootings, may show a stronger relationship with AED and should receive consideration
in future research.

Another conclusion to draw from these findings is that prevention and interventions
should be implemented when adolescents are young — at least younger than 14 years old. The
RYDS data show that adolescents are most likely to engage in violence and gang activity when
they are younger than 15, and the likelihood of such delinquency declines with age. Perhaps
adolescents are compelled to engage in these behaviors in the early teenaged years in order to
establish status by manifesting nerve and proving themselves. Once a youth has accomplished
this goal, violence is less necessary and appears to be more the result of poor impulse control and
less a purposeful performance. Similarly, the gang may have more appeal for younger children
who have yet to hit puberty and are at the mercy of larger, older adolescents. Conversely, for

those larger, older adolescents, the gang may hold less appeal than it did when they were
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younger because they have less need of protection, having grown and had opportunities to prove
themselves.

As adolescents age, low self-control (as measured primarily by questions about
impulsivity and temper) becomes a stronger predictor of violent delinquency. Low self-control
predicts longer gang involvement and intermittent gang membership in particular, indicating that
youths with low self-control are more likely to enter and leave gangs repeatedly throughout
adolescence. If Gottfredson and Hirschi are incorrect and low self-control is not set by age 10,
interventions to promote self-control could prove helpful in reducing engagement in violence and
gangs. Neurological research shows that individuals do not fully develop the regions of the brain
that process control until adulthood. More research is needed to determine whether and how self-
control can be manipulated, taking into consideration neurological development and constraints.
Limitations and Future Research

Although this dissertation offers several contributions regarding measurement of AED
and its relationships with self-control, violence, gang involvement, and sexual behaviors, a
number of questions remain unanswered.

Theory.

One glaring limitation in the application of life history theory to criminal behavior is that
it fails to account for risk-taking by people who might not be driven by reproductive urges. For
example, it seems unlikely that people who are homosexual, asexual, or unable to reproduce
would engage in risk-taking behaviors with the aim of achieving reproduction, and yet such
people do engage in risky behaviors and crime. I have found nothing in the life history theory
literature to explain why people who cannot or do not want to reproduce would engage in risky

behaviors. Because the drive to multiply is so essential to a species’ survival, perhaps the urges
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to behave in ways that maximize reproduction are coded into each organism’s DNA. If this is the
case, then sexual orientation and ability have no bearing on the relationship between AED and
risk-taking behavior. However, due to the lack of research on this topic, I can speculate no
further as to whether the relationship between AED and risky behavior differs according to
sexual identity or ability. Due to data limitations I cannot explore differences in AED and risk-
taking behaviors by sexual orientation in the dissertation.?” Future research investigating risk-
taking behavior among those who cannot or do not wish to reproduce would greatly benefit the
utility and applicability of life history theory.

Another key area in which life history theory would benefit from more research is in
decision-making processes. Life history theory makes no claims about conscious decision-
making; evolutionary biology requires no such claims. However, within developmental
psychology and related fields, analysis of rationality and decision-making processes would help
to illuminate the interplay between AED and risk-taking behaviors. For example, in Chapter 6 1
find that higher levels of AED and low self-control are significantly associated with both short-
and long-term gang membership, compared to nongang youth. The coefficients for these two
stability categories are similar in terms of direction, significance, and magnitude, but AED might
play different roles for these groups. Those who do not foresee a long future may join a gang for

protection (i.e., to improve their chances of survival) or because they feel they have nothing to

" The Add Health interviews simply asked respondents if they had “had a romantic attraction” to males
and to females, without any clarification of what this means. In the RYDS data, respondents were asked at
waves 10 through 12 (ages 21 to 23), “At this point in life, would you describe your primary sexual
preference or identity as: heterosexual or straight; gay or lesbian; bisexual; uncertain?” Three respondents
identified as gay or lesbian at least once. Of the two respondents who identified as gay/lesbian at all three
waves, neither reported any violence or gang membership. The third person first identified as straight,
then gay, then bisexual. This person reported violent behavior during two waves, but no gang
involvement. Beyond these basic descriptive statistics, I cannot explore the relationship between AED,
risky behavior, and sexual behavior among non-heterosexual individuals due to the extremely small
sample size.
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lose and gang involvement might be fun. On the other hand, AED could drive either desistance
from gang activity (logically, exposure to violence should encourage one to avoid that
environment) or sustained gang involvement (if one feels no sense of control over what
happens). To clarify these relationships, future research should probe youths about their
decision-making processes.

Measurement.

This dissertation undertakes a great effort to create a valid and reliable measure of AED
in the RYDS data. I use the Add Health data to guide the measurement process because Add
Health directly measures AED; comparison of the AED latent variable with the direct measure
allows for confirmation that the latent construct measures AED. While this method bolsters my
confidence in the measurement of AED, it necessarily has several limitations.

Most importantly, I limit the factor analyses to concepts that both datasets measure
comparably. This excludes several variables that likely relate to AED, such as violent
victimization and neighborhood mortality rate. Inclusion of such measures would probably
improve the AED construct’s validity and strengthen its ability to predict risk-taking behaviors.

The advantage to using simple models, as I do here, is comparability between the Add
Health and RYDS samples. This is crucial, given my goal of creating latent measures of AED in
two separate data sources. The drawback to the simplicity of the models is that other important
covariates are omitted from the analysis. For example, a great deal of research demonstrates that
delinquency of one’s peers strongly predicts one’s own delinquency (Kissner & Pyrooz, 2009;
Pratt & Cullen, 2000; Thornberry et al., 2003). Such a measure is not included here for three
reasons. First, the Add Health data do not contain peer delinquency measures, and one of my

primary goals in creating the AED proxy measures and estimating the structural models is
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resemblance between the two datasets. Second, consideration of a peer effect falls outside the
scope of this project. Third, I found no evidence of a link between AED and peer delinquency in
the literature. Although one might exist, it’s more probable that a fatalistic attitude is influenced
by the victimization experienced by one’s friends, rather than their offending (although the two
may be closely related). Given the lack of research regarding peer effects on AED, future work
should probe this potential relationship, especially with regard to risk-taking behaviors and
violence in particular.

Although this dissertation takes a step toward establishing the causal ordering of AED
and risk-taking behaviors, the findings are inconclusive. The results of the autoregressive cross-
lagged panel models estimated in Chapter 7 add to the complexity of the relationship between
AED and risk-taking behavior. Though the two-wave structural models estimated in Chapters 5
and 6 generally show significant direct and/or indirect effects of AED on violence and gang
membership six months later, the cross-lagged models do not. There are two possible
explanations for this inconsistency. One possibility is that the effects seen before, in models with
shorter timeframes and without autoregressive components, result from an earlier correlation
between AED and the risk-taking variables. When the panel models control for these
correlations, the cross-lagged effects vanish (for the most part). Another explanation is that there
is too much instability in the risky behaviors across the full observation period for the
autoregressive models to accurately model the data. The RYDS subjects tend to report violence
and gang membership at higher levels in the earlier waves, with steep drop-offs in these
behaviors at waves 3 and 4.

To better evaluate the causal relationships between AED and risk-taking behaviors

throughout adolescence, future research should estimate autoregressive cross-lagged panel
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models with younger participants. This will facilitate identification of the point at which AED
develops in children, most likely prior to any engagement in serious violent activity, according to
life history theory. Beginning a panel model at an age when AED and delinquency do not
correlate with each other will improve the likelihood that clearer causal relationships between
AED and risky behaviors will emerge.
Conclusion

Few things scare us more than death, and people who believe that their time is running
out will resort to desperate measures if they have nothing to lose. Within the framework of life
history theory, this means that individuals will accelerate their life histories and put themselves
in harm’s way if it improves their chances of reproductive success. Adolescent males who fast-
track their life histories typically engage in risky behaviors, sometimes including violent
offending. This violence is driven in part by competition with other young men in pursuit of
mating opportunities. Even the ultimate risk — death — may not deter violence for those who
already believe their days are numbered. Expanding our understanding of AED and its
relationship with risk-taking behavior is crucial; greater knowledge about the causes and

consequences of AED will aid in delinquency prevention and intervention efforts.
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Coding of Project Variables by Dataset

Appendix A

RYDS Measurement

| Add Health Measurement

12 items. Examples:

First-Order Factor Analysis Measures
Depression factor variable

18 items. Examples:
How often was each of the following things true

during the last week?
* You were bothered by things that don’t usually
bother you

* You felt depressed
* You thought your life had been a failure

O=never/rarely; 3=most/all the time
Waves I, 11

Since we interviewed you last time, how often did
you...

* Feel you had trouble keeping your mind on
what you were doing

* Feel depressed or very sad

* Feel that you talked less than usual

1=never; 4=often

Waves 2-8

9 items. Examples:

Low self-esteem factor

6 items. Examples:
* You have a lot of good qualities

* You have a lot to be proud of
* You like yourself just the way you are

I=strongly agree; 5=strongly disagree
Waves I, 11

* In general, you are satisfied with yourself
* You feel that you have a number of good

qualities
* You can do things as well as most other people

I=strongly agree; 4=strongly disagree
Waves 2-8

11 items. Examples:

Low attachment to parents
factor variable * How close do you feel to your [mother/father]?

4 items:

* How much do you think [he/she] cares about
you?

How often would you say that...
* You get along well with your [mother/father]?

* You feel that you can really trust your [mother/

father]?
* You really enjoy your [mother/father]?

1=often; 4=never

I=very much; 5=not at all
Waves I, 11

Waves 2-8




124!

Add Health Measurement

RYDS Measurement

...Appendix A continued...

Low school connection
factor variable

4 items:
* You feel close to people at your school
* You feel like you are part of your school
* You are happy to be at your school
* How much do you want to go to college?
1=very much; 5=not at all
Waves I, 11

14 items. Examples:

* School is boring to you

* You don’t really belong at school

* You don’t care what teachers think of you

I=strongly disagree; 4=strongly agree
Waves 2-8

Poor academic

Grade point average factor variable; 4 items.

California Achievement Test percentile

performance At the most recent grading period, what was your | ¢ CAT total math percentile
grade in:
* English or language arts
e Mathematics
« History or social studies Percentile is reverse-coded so low-scoring
e Science individuals rate high on this measurement of
1=A; 4=D or lower poor academic performance
Waves L, 11 Waves 2-8
Negative neighborhood Unsafe neighborhood Neighborhood disorganization factor variable; 17
* Do you usually feel safe in your items. Examples:
neighborhood? Tell me if each thing is a problem in your
neighborhood:
* Syndicate, mafia, or organized crime
* Assaults and muggings
* Drug use or drug dealing in the open
0=yes; 1=no 1=not a problem; 3=a big problem
Waves [, 1 Waves 2-8 (parent report)
Receipt of public 0=not receiving public assistance; O0=does not receive public assistance;
assistance 1=receiving public assistance I=parent receives public assistance

Waves I, 11

Waves 2-7 (parent report)
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| Add Health Measurement

RYDS Measurement

...Appendix A continued...

Parent unemployment

0=not unemployed;
I=unemployed
Wave I (parent report)

O=not unemployed;
I=unemployed
Waves 2-8 (parent report)

Mediating Variable

Low self-control factor
variable

6 items. Examples:

Since school started this year, how often have you
had trouble:

* Paying attention in school?

* Getting your homework done?

* Getting along with other students?

O=never; 4=almost every day
Waves [-11

6 items. Examples:
* You lose your temper pretty easily
* Often when you’re angry at people, you feel
more like hurting them than talking to them
about why you are angry
* When you are really angry, other people better
stay away from you
I=strongly disagree; 4=strongly agree
Wave 10

Reproductive Variables

Number of sexual partners

*  With how many people, in total, including
romantic relationship partners, have you ever

* How many different people did you have
sexual intercourse with since [date of last

had a sexual relationship? interview]?
0=0; 1=1-3; 2=4+ 0=0; 1=1-3; 2=4+
Waves [-111 Waves 6-9
Been pregnant / 0=did not report pregnancy/getting someone * Since [date of last interview], have you been
impregnated someone pregnant; pregnant/gotten a girl pregnant?

I=reported pregnancy/getting someone pregnant
Waves [-111

0=no; 1=yes
Waves 5-9

Ever been pregnant/
impregnated someone

O=has never been pregnant or gotten someone

pregnant;
1=has been pregnant or gotten someone pregnant

Ever, up to Wave 111

O=has never been pregnant or gotten someone
pregnant;

1=has been pregnant or gotten someone pregnant
Ever, up to wave 9
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Add Health Measurement

RYDS Measurement

...Appendix A continued...

Dependent Variables

Anticipated early death

Latent variable factor analyzed / Direct measure:
What do you think are the chances that:

* You will live to age 35? (reversed)

I=almost no chance; 5=almost certain

N/A — latent variable only

Violence prevalence

In the past 12 months, how often did you:

* Use a weapon in a fight

* Get into a serious physical fight

* Take part in a fight where a group of your
friends was against another group

» Use/threaten to use a weapon to get something
from someone

* Physically force someone to have sexual
intercourse against her will [males only]

0=no to all; 1=yes to one or more items
Waves I, 11

Since we interviewed you last time, have you:
» Attacked someone with a weapon or with the
idea of seriously hurting or killing them
* Hit someone with the idea of hurting them
* Been involved in gang or posse fights
* Thrown objects such as rocks or bottles at
people
* Used a weapon or force to make someone give
you money or things
* Physically hurt or threatened to hurt someone
to get them to have sex with you
0=no to all; I=yes to one or more items
Waves 2-9

Violence variety

N/A

Count of the types of violent acts one committed:
» Attacked someone with a weapon or with the
idea of seriously hurting or killing them
* Hit someone with the idea of hurting them
* Been involved in gang or posse fights
» Thrown objects such as rocks or bottles at
people
* Used a weapon or force to make someone give
you money or things
* Physically hurt or threatened to hurt someone
to get them to have sex with you
Waves 2-9
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RYDS Measurement

...Appendix A continued...
Gang membership N/A » Since we interviewed you last time, were you a
member of a street gang or posse?
0=no; 1=yes
Waves 2-9
Gang membership N/A Number of waves subject reported gang
duration membership, from waves 2-9
Gang membership N/A Short-term: reported one wave of membership
stability Intermittent: reported multiple waves of

membership with one or more breaks

Stable: reported multiple consecutive waves of
membership; did not exit gang more than once
Waves 2-9
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Appendix B

RYDS Observed Variables Descriptive Statistics

N Mean SD  Range
Indicators in First-Order Factor Analysis ¢
Depression [a. = .82]
Since we interviewed you last time, how often did you:
Feel you had trouble keeping your mind on what you were doing? 804 2.78  0.86 1-4
Feel depressed or very sad? 803 2.45  0.88 1-4
Feel bothered by things that don't usually bother you? 804 2.44  0.88 1-4
Not feel like eating because you felt upset about something? 804 2.24  1.00 1-4
Think seriously about suicide? 803 1.21  0.62 1-4
Feel scared or afraid? 804 2.04  0.93 1-4
Toss and turn when you slept? 795  2.15  1.06 1-4
Feel that you talked less than usual? 803 2.42  1.06 1-4
Feel nervous or stressed? 803 2.12  0.97 1-4
Feel lonely? 803 1.95 0.95 1-4
Feel people disliked you? 803 2.02  0.93 1-4
Feel you enjoyed life? (R) 803 1.43  0.64 1-4
Low self-esteem [o. = .77]
In general, you are satisfied with yourself. (R) 804 1.64  0.59 1-4
At times you think you are no good at all. 804 198  0.75 1-4
You feel that you have a number of good qualities. (R) 804 1.70  0.54 1-4
You can do things as well as most other people. (R) 804 1.72  0.56 1-4
You feel you do not have much to be proud of. 804 1.84  0.69 1-4
You feel useless at times. 804 2.08  0.75 1-4
You feel that you are at least as good as other people. (R) 804 1.85  0.59 1-4
You wish you could have more respect for yourself. 802 242  0.86 1-4
Feel bothered by things that don't usually bother you? 804 2.10  0.78 1-4
Not feel like eating because you felt upset about something? 804 1.64  0.59 1-4
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N Mean SD  Range
...Appendix B continued...
Low attachment to parents [o. = .84]
You get along well withyour . (R) 802 1.34  0.59 1-4
You feel that you can really trust your . (R) 802 127  0.56 1-4
Your  does not understand you. 802 2.20  0.95 1-4
Your  istoo demanding. 801 2.20 1.00 1-4
Youreally enjoyyour . (R) 802 132 0.55 1-4
You have a lot of respect for your . (R) 801 1.14  0.41 1-4
Your  interferes with your activities. 802 2.31  0.95 1-4
You think your s terrific. (R) 802 1.39  0.60 1-4
You feel very angry toward your . 802 1.93  0.89 1-4
You feel violent toward your . 802 1.32  0.67 1-4
You feel proud of your . (R) 802 1.32  0.55 1-4
Low school connection [a.= .81]
Since school began this year, you like school a lot. (R) 800 2.00  0.62 1-4
School is boring to you. 800 2.13  0.61 1-4
You do poorly at school. 800 1.88  0.55 1-4
You don't really belong at school. 800 1.66  0.58 1-4
Homework is a waste of time. 800 1.80  0.57 1-4
You try hard at school. (R) 799 1.87  0.50 1-4
You usually finish your homework. (R) 795 2.05  0.55 1-4
Getting good grades is very important to you. (R) 800 1.58  0.55 1-4
Sometimes you do extra work to improve your grades. (R) 799 2.15  0.66 1-4
If you needed advice on something important, you would go to one of your teachers. (R) 800 2.27  0.69 1-4
You feel very close to at least one of your teachers. (R) 800 2.26  0.67 1-4
You don't care what teachers think of you. 800 2.11  0.66 1-4
You have lots of respect for your teachers. (R) 800 1.86  0.52 1-4
Taking everything into account, do you really think you will go to college? (R) 804 1.32  0.63 1-3
Negative neighborhood environment [0 = .96]
Tell me if each thing is a problem in your neighborhood: [parent report]
High unemployment? 715 2.02  0.83 1-3
Different racial or cultural groups who do not get along with each other? 766 136  0.65 1-3
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N Mean SD  Range
...Appendix B continued...
Vandalism, buildings and personal belongings broken and torn up? 786 1.77  0.83 1-3
Little respect for rules, laws and authority? 784 1.88  0.84 1-3
Winos and junkies? 783 1.84  0.88 1-3
Prostitution? 749  1.48  0.78 1-3
Abandoned houses or burglaries? 793 1.46  0.72 1-3
Sexual assaults or rapes? 770 145  0.73 1-3
Burglaries and thefts? 782 1.80  0.82 1-3
Gambling? 732 144 0.74 1-3
Run down and poorly kept buildings and yards? 794 1.63  0.77 1-3
Syndicate, mafia or organized crime? 692 1.26  0.62 1-3
Assaults and muggings? 761 1.51  0.76 1-3
Street gangs or delinquent gangs? 781 1.66  0.83 1-3
Homeless street people? 776 137  0.69 1-3
Drug use or drug dealing in the open? 772 1.84  0.89 1-3
Buying or selling stolen goods? 754 1.66  0.83 1-3
Poor academic performance
[Reverse-coded percentile on math California Achievement Test — official report] 692 49.23 24.14 1-99
Parental unemployment
[Construct measuring whether parent (G1) is unemployed — parent report] 767 0.06 024  0-1
Public assistance receipt
[Construct measuring whether parent (G1) receives public assistance — parent report] 768 0.44 050 0-1
Low self-control ” [mediator] [o.= .81]
You sometimes find it exciting to do things even if you might get hurt doing them. 775 2.07  0.78 1-4
Excitement and adventure are more important to you than security. 775 1.80  0.61 1-4
You lose your temper pretty easily. 775 2.35  0.88 1-4
Often when you're angry at people, you feel more like hurting them than talking to them about why
you are angry. 775  2.01 0.77 1-4
When you are really angry, other people better stay away from you. 775 2.26  0.82 1-4
When you have a serious disagreement with someone, it's usually hard for you to talk about it
without getting upset. 775 2.43  0.79 1-4
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...Appendix B continued...
Dependent Variables ¢
Violence Prevalence
[Subject reports engaging in at least one of six violent behaviors — see Appendix A] 804 0.28  0.45 0-1
Violence Variety
[Count of the types of violent acts a subject reported committing — see Appendix A] 804 042 080 0-5
Gang Membership
Since we interviewed you last time, were you a member of a street gang or posse? 804 0.12  0.32 0-1
Gang Duration
[Number of waves a subject reports gang membership, waves 2-9] 804 0.62  1.25 0-8
Gang Stability
[Nongang youth, waves 2-9] 573 (71%)
[Short-term: one wave of gang membership only, waves 2-9] 101 (13%)
[Intermittent: multiple waves of gang membership with a break in between, waves 2-9] 82 (10%)
[Long-term: one period of consecutive waves of membership, waves 2-9] 48 (6%)

IL1

¢ Variables measured at wave 2 unless noted otherwise.

b Low self-control variables are measured at wave 10.

¢ Dependent variables are measured at wave 3 except for gang duration and stability, which are construct variables.

(R) =reversed item

Note: For dichotomous variables, the mean presents the percentage of respondents coded 1 on that variable. For example, the mean of
“gang membership” is 0.14, indicating that 14% of the respondents reported gang membership at wave 2.



Appendix C

Comparisons of RYDS Male and Female SEM Coefficients (z scores)

t wave W2 W3 w4 W5 W6 W7 W8
Violence Prevalence
Path A 0.21 -0.12 0.00 0.13 0.70 -0.35 -0.25
Path B -1.26 -0.46 0.08 -0.61 -0.79 0.92 0.60
Path C -2.04 -0.46 -1.30 0.00 1.77 -2.30 -1.03
Indirect A-B -0.86 -0.40 0.00 0.51 -0.51 0.86 0.60
AED total effect -2.76 -0.69 -1.46 0.24 1.73 -2.39 -0.93
Violence Incidence
Path A 0.21 -0.12 0.00 0.13 0.58 -0.35 -0.25
Path B -2.23 -0.55 -2.11 1.80 -2.12 0.00 2.68
Path C -0.94 0.96 0.00 -1.94 2.23 -2.12 -0.74
Indirect A-B -1.41 -0.71 -1.39 1.77 -1.34 -0.32 2.24
AED total effect -1.56 0.78 -0.75 -1.34 1.66 -2.97 -0.23
Violence Variety
Path A 0.21 -0.12 0.00 0.13 0.58 -0.35 -0.25
Path B -1.74 -0.83 -0.09 0.92 -1.07 0.49 0.38
Path C -1.60 0.17 -1.28 -0.57 2.06 -1.99 -0.69
Indirect A-B -1.66 -0.80 0.00 1.00 -0.60 0.40 0.45
AED total effect -2.00 -0.18 -1.48 -0.18 1.97 -2.22 -0.66
Gang Membership
Path A 0.21 -0.12
Path B -1.58 -2.28
Path C 0.49 3.37
Indirect A-B -1.20 -1.64
AED total effect 0.08 2.95
Violence Prevalence Cross-Lagged
AED; » AED+; -1.66 1.96 -0.89 0.73 1.26 -0.28
AED; = Violence+; -2.70 2.87 -1.63 1.34 1.36 -2.38
Violence; = AED/+; -0.83 0.00 -0.14 0.99 -1.94 0.83
Violence; = Violencer+;  0.87 -2.01 0.91 -0.45 0.00 0.63
Gang Membership Cross-Lagged
AED; = AED/+; 0.55 1.11
AED; = Gang+; 0.48 3.13
Gang; * AED+; -0.30 0.32
Gang; = Gang+; -0.46 -0.37

Note: Bold type indicates z scores that are less than -1.96 or greater than 1.96, allowing for
rejection of the null hypothesis of no difference between the male-only coefficients and the

female-only coefficients.
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